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Abstract
Traffic fatalities and injuries continue to demand the attention of researchers
and governments across the world as they remain significant factors in public health
and safety. Enhanced legislature along with vehicle and roadway technology has
helped to reduce the impact of traffic crashes in many scenarios. However, one specif-
ically troublesome area of traffic safety, which persists, is run-off-road (ROR) where
a vehicle’s wheels leave the paved portion of the roadway and begin traveling on the
shoulder or side of the road. Large percentages of fatal and injury traffic crashes are
attributable to ROR. One of the most critical reasons why ROR scenarios quickly
evolve into serious crashes is poor driver performance. Drivers are unprepared to
safely handle the situation and often execute dangerous maneuvers, such as overcor-
rection or sudden braking, which can lead to devastating results.
Currently implemented ROR countermeasures such as roadway infrastructure
modifications and vehicle safety systems have helped to mitigate some ROR events
but remain limited in their approach. A complete solution must directly address the
primary factor contributing to ROR crashes which is driver performance errors. Four
vehicle safety control systems, based on sliding control, linear quadratic, state flow,
and classical theories, were developed to autonomously recover a vehicle from ROR
without driver intervention. The vehicle response was simulated for each controller
under a variety of common road departure and return scenarios. The results showed
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that the linear quadratic and sliding control methodologies outperformed the other
controllers in terms of overall stability. However, the linear quadratic controller was
the only design to safely recover the vehicle in all of the simulation conditions ex-
amined. On average, it performed the recovery almost 50 percent faster and with
40 percent less lateral error than the sliding controller at the expense of higher yaw
rates.
The performance of the linear quadratic and sliding algorithms was investi-
gated further to include more complex vehicle modeling, state estimation techniques,
and sensor measurement noise. The two controllers were simulated amongst a va-
riety of ROR conditions where typical driver performance was inadequate to safely
operate the vehicle. The sliding controller recovered the fastest within the nominal
conditions but exhibited large variability in performance amongst the more extreme
ROR scenarios. Despite some small sacrifice in lateral error and yaw rate, the linear
quadratic controller demonstrated a higher level of consistency and stability amongst
the various conditions examined. Overall, the linear quadratic controller recovered
the vehicle 25 percent faster than the sliding controller while using 70 percent less
steering, which combined with its robust performance, indicates its high potential as
an autonomous ROR countermeasure.
The present status of autonomous vehicle control research for ROR remains
premature for commercial implementation; in the meantime, another countermeasure
which directly addresses driver performance is driver education and training. An
automotive simulator based ROR training program was developed to instruct drivers
on how to perform a safe and effective recovery from ROR. A pilot study, involving
seventeen human subject participants, was conducted to evaluate the effectiveness
of the training program and whether the participants’ ROR recovery skills increased
following the training. Based on specific evaluation criteria and a developed scoring
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system, it was shown that drivers did learn from the training program and were able
to better utilize proper recovery methods. The pilot study also revealed that drivers
improved their recovery scores by an average of 78 percent.
Building on the success observed in the pilot study, a second human sub-
ject study was used to validate the simulator as an effective tool for replicating the
ROR experience with the additional benefit of receiving insight into driver reactions
to ROR. Analysis of variance results of subjective questionnaire data and objective
performance evaluation parameters showed strong correlations to ROR crash data
and previous ROR study conclusions. In particular, higher vehicle velocities, curved
roads, and higher friction coefficient differences between the road and shoulder all
negatively impacted drivers’ recoveries from ROR. The only non-significant impact
found was that of the roadway edge, indicating a possible limitation of the simulator
system with respect to that particular environment variable. The validation study
provides a foundation for further evaluation and development of a simulator based
ROR recovery training program to help equip drivers with the skills to safely recognize
and recover from this dangerous and often deadly scenario.
Finally, building on the findings of the pilot study and validation study, a
total of 75 individuals participated in a pre-post experiment to examine the effect
of a training video on improving driver performance during a set of simulated ROR
scenarios (e.g., on a high speed highway, a horizontal curve, and a residential rural
road). In each scenario, the vehicle was unexpectedly forced into an ROR scenario
for which the drivers were instructed to recover as safely as possible. The treatment
group then watched a custom ROR training video while the control group viewed a
placebo video. The participants then drove the same simulated ROR scenarios. The
results suggest that the training video had a significant positive effect on drivers’
steering response on all three roadway conditions as well as improvements in vehicle
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stability, subjectively rated demand on the driver, and self-evaluated performance in
the highway scenario. Under the highway conditions, 84 percent of the treatment
group and 52 percent of the control group recovered from the ROR events. In total,
the treatment group recovered from the ROR events 58 percent of the time while the
control group recovered 45 percent of the time. The results of this study suggest that
even a short video about recovering from ROR events can significantly influence a
driver’s ability to recover. It is possible that additional training may have further
benefits in recovering from ROR events.
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Chapter 1
Introduction
The power of media and social influence is no mystery in today’s technology
infused world. The expansion of widely available cellular data and wifi coverage
along with smart phones, tablets and portable computers have brought information,
opinions, education, and social interaction to our eyes, ears, and fingertips faster than
ever before; however, social norms and various forms of media have been influencing
public opinions since the origin of mankind. Though the avenues and manifestations
of influence may change over time, there is no disputing the power that social pressure
holds to produce change. An incredible example of change brought on by social norms
and media influence occurred in the U.S. beginning in the mid-20th century with the
increased popularity of cigarette smoking. By 1965 over 40 percent of American adults
smoked cigarettes [1], and not only was smoking common in bars and restaurants, but
you might even find your doctor lighting one up inside the hospital or doctor’s office!
Since then, cigarette use by adults has gradually decreased to less than half the levels
seen in 1965 (18.9% in 2011) [1]. This change is not due to a single event but rather
a combination of events, such as various Surgeon General’s reports on the subject,
health warnings on packages, the growth of smoking cessation products, various anti-
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smoking campaigns, restrictions on tobacco company marketing, and the prohibition
of smoking in offices, airline flights, restaurants, and even bars [2]. Clearly there
have been some changes to social norms since the mid-20th century when it comes
to smoking. Those changes have certainly influenced our society’s perspective on
smoking and brought about a healthier lifestyle for many people.
Social norms not only influence our perspective on smoking but also other
important public issues such as healthy living in general. We are bombarded by
numerous health related ad campaigns from the media and trending articles on Face-
book, all boasting diets, foods, and lifestyle changes which are claimed to be healthier
for us and more life sustaining. Many of us, rightfully so, buy into these claims and
ideas because we genuinely care about our own personal health. We try to eat healthy
foods, exercise, and avoid excessive alcohol and drug consumption. Some of the more
conservative folks even avoid what they would consider “riskier” actions such as sky-
diving, motorcycle riding, or even flying on a commercial aircraft. Many times we go
to extremes to avoid these situations, not because of a bad personal experience, but
because at some point in our lives the media or social norms told us it was unhealthy
or unsafe. Yet many of those same individuals think nothing about getting in a car to
drive to work or to the grocery store. Social norms have led us to believe that while
we understand that crashes happen, they don’t happen to us. We tell ourselves that
we are at least an average driver, if not better, so the chances of being in a crash are
slim to none.
The low vehicle crash rate in most of our lives reinforces the idea that driving
is a safe task. But is being an average driver really all that safe? In Leonard Evans’
2004 book, Traffic Safety, he comments on this idea using traffic safety statistics.
Evans states that a hypothetical average driver with a similar probability of crashing
per year to that of the U.S. average (in the year 2000) will experience one crash about
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every twelve years or about five crashes over the course of their driving career [2].
Some may argue that even since 2000 many changes have occurred in the automotive
industry and roadway management, so cars, roadways, and driving in general are
much safer. In many ways those individuals are completely correct; however, this
idea only reinforces the false belief that driving is a safe task. Evans’ analysis was
based on data collected in 2000 when there was 190 million licensed drivers in the U.S.
and 6.4 million police reported crashes. From those crashes about 42,000 individuals
lost their lives and 3.2 million were injured [3]. Today those same numbers are about
212 million licensed drivers of whom over 32,000 were killed and 2.2 million injured
amongst a total of 5.34 million crashes in 2011 [3]. Although the associated fatality,
injury, and crash rates in general have declined in the past decade, the numbers hardly
lead to the notion that driving is a safe task. In fact, the Centers for Disease Control
and Prevention lists motor vehicle traffic crashes as the second largest contributor
to injury deaths in the United States. Topped only by poisonings at 24 percent,
traffic crashes accounted for 19 percent of injury deaths in 2009 [4]. The numbers
clearly show that traffic related injuries and fatalities are significant issues plaguing
our society.
The interaction of social norms and traffic safety is not new and has been
around since the earliest automobiles radically changed our understanding of mobil-
ity. Some critics, such as Mr. Evans, are quick to point out the flaws in the U.S.
government’s role in traffic safety regulation and the result they have had on the
social norms surrounding driving. The arguments Evans makes in a chapter of his
book called “The Dramatic Failure of US Safety Policy” may certainly have merit [2].
Nonetheless, it is important to note how far the U.S. has come in addressing traffic
safety and learn from its successes and mistakes.
During the initial motorization of the U.S. in the late 19th century and early
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20th century, cars were slow and somewhat of a rarity, so crashes and safety were
not great public issues. However, as vehicle technology allowed cars to travel at
higher speeds, traffic safety quickly became a concern. Initial efforts to improve
traffic safety focused on roadway infrastructure and primarily came from the local
level. Communities were so motivated by the desire for greater mobility and less
traffic problems that they began to implement their own solutions. Detroit became
the first city to paint center lines in 1911 and constructed the first stop sign in 1914.
One of the first red and green traffic lights appeared in Cleveland in 1914 to assist
with railroad crossings. Aside from a few instances, such as the Federal Road Aid
Act of 1916 and the Federal Highway Act of 1921, the U.S. federal government was
not initially heavily involved in traffic safety [5].
Through the first half of the 20th century the U.S. was the safest place for
driving compared to other countries. Although the fatality rates per registered vehi-
cles and per travel distance were high, this spoke more to the low number of vehicles
on the road as the total number of annual traffic fatalities was much lower than even
today’s numbers. Traffic fatalities in the U.S. continued to gradually climb until the
early 1960’s when they began to skyrocket [2]. At this point many organizations
such as the Automotive Safety Foundation (ASF) and Insurance Institute for High-
way Safety (IIHS) were investing millions of dollars into traffic safety research. The
debate for vehicle safety regulations really began to heat up, climaxing in 1965 when
Ralph Nader published his controversial book, Unsafe at Any Speed: The Designed-
In Dangers of the American Automobile, detailing the history of vehicle safety and
highlighting the resistance of automotive manufacturers to include safety features
in their cars [6]. By 1966 Congress passed legislation which authorized the federal
government to regulate automotive safety and created today’s Department of Trans-
portation (DOT) along with the National Highway Safety Bureau, a precursor to the
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National Highway Traffic Safety Administration (NHTSA).
In 1966, with vehicle safety as the hot topic, the U.S. had approximately 101
million licensed drivers, 95.7 million registered motor vehicles, and 926 billion vehicle
miles traveled a year. The fatality rate, at the time, per 100 million vehicle miles
traveled was about 5.50, amounting to almost 51,000 fatalities that year. From 1966
to 2011 the fatality rate has dropped 80 percent to 1.10 per 100 million vehicle miles
traveled. That drop is significant considering that now in the U.S. there are about 212
million licensed drivers, 257.5 million registered motor vehicles, and almost 3 trillion
vehicle miles traveled every year [3]. A fatality rate of 1.10, however, still means that
over 32,000 people lose their lives every year in motor vehicle accidents just in the
U.S. Although this is certainly an improvement over the numbers in 1966 and the
number of fatalities has consistently reduced every year since 2005, the numbers are
still overwhelming.
Fatality statistics are not the only troubling cases to consider. In 2011, there
were over 5.3 million motor vehicle crashes injuring more than 2.2 million people.
Drivers aged 16–24 are largely overrepresented in both the fatality and injury rates.
The economic costs of these crashes were last estimated in 2000 to equal about $230.6
billion [3]. While a look at the history of vehicle safety certainly suggests that our
efforts are not in vain, there is still room for improvement on these numbers and
innovation in our safety technology. At this point, inventions such as seat belts, sup-
plemental inflatable restraints, or Electronic Stability Control (ESC) have helped to
alleviate large portions of the fatality and injury statistics. The challenge now be-
comes determining the types of crashes that continue to present dangers to motorists
and creating solutions for reducing the severity, or eliminating the possibility, of these
crashes all together.
Over 31 percent of the 5.3 million crashes in 2011 were categorized as single-
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vehicle crashes. Of these 1.6 million single-vehicle crashes, more than 67 percent
occurred off of the roadway, on the shoulder, or on the median (refer to Figure 1.1)
[3]. The common issue that this data highlights is that a lot of vehicles are traveling
off the road at some point during the sequence of events leading to a crash. A
2011 report published by NHTSA, investigating crash data between 2005 and 2007,
found that 64.4 percent of all single-vehicle passenger car crashes were attributable
to a scenario called Run-Off-Road (ROR). ROR occurs when a vehicle in transit
leaves the paved portion of the roadway and begins to travel on the shoulder or other
surfaces adjacent to the road. The ROR crash data presented by NHTSA, in the 2011
report, involved events where the vehicle left the roadway and overturned or collided
with an object on the side of the road such as a tree or pole. Their findings did
not include those situations where the vehicle ran off the road and later returned to
the road striking another vehicle, as these incidents are classified as multiple-vehicle
crashes. A study of fatal ROR crashes involving over-correction on state-maintained
roads in Florida in 2000 revealed that approximately 29 percent of vehicles in ROR
situations returned to the roadway only to hit another vehicle on the roadway [7].
This significant percentage only solidifies the argument that solving the ROR problem
could lead to large reductions in crash statistics.
While it may seem obvious that driving the average vehicle off the road, es-
pecially at high speeds, should be avoided, ROR-related events occur on a frequent
basis. It is tough to know exactly how frequently vehicles leave the roadway because,
for the most part, information is unfortunately only received when an ROR recovery
is not successful and a crash occurs. However, in 2006 the results of the 100-Car Nat-
uralistic Driving Study Field Test were published which provided some insight into
not only ROR crashes but also near-crashes. The study instrumented 100 vehicles
with a variety of sensors and video cameras and followed them for one year [8]. In
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Figure 1.1: Total motor vehicle fatal single-vehicle crashes (bar graph) and the percent
of crashes occurring off the roadway including on the shoulder and median (line graph)
as documented by the Fatality Analysis Reporting System (FARS) 1994-2011
a matter of only twelve months, 122 ROR-related events were identified for investi-
gation including 28 ROR crashes [9]. The results showed that the most frequently
occurring contributing factor to ROR was distraction/inattention for 40 percent of
the ROR events investigated. Changing roadway boundaries also had a significant
representation. From this study it is easy to understand that ROR often catches
drivers off guard. Unfortunately, this state of surprise and/or panic is often detri-
mental to the situation because the first few moments as the vehicle begins traveling
off the road are some of the most crucial.
A vehicle traveling off the paved portion of the roadway presents a great danger
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primarily because the situation exists beyond the comfort and expertise of the average
driver. Vehicle dynamics and handling are often much different on grass, gravel, or
dirt than they are on concrete or asphalt. Most drivers gain experience and perform
most of their driving on paved surfaces or roadways and are not prepared for the
challenges off-road surfaces offer. One very common initial driver response to ROR is
panic and over-reaction. When drivers hear and/or feel the sudden noise and vibration
associated with rumble strips, the road edge drop-off, or the uneven shoulder surface
they quickly tend to jerk the steering wheel, often times harder than necessary, causing
overcorrection [7]. Many over-corrected vehicles end up returning back to the road
only to collide with other traffic on the roadway or slingshot across the road before
overturning or colliding with an obstacle in the median or opposite side of the road.
In the attempt to understand a situation like ROR, it is tempting to inves-
tigate and talk about a cause of the crash. The term “cause” can be misleading
because as Leonard Evans explains in his book [2], “it can too easily invoke the in-
appropriate notion of a single cause, such as is common in the physical sciences”
(pp. 7) [2]. ROR crashes can occur for a variety of reasons or as a result of various
circumstances all working together. In this sense, it is more appropriate to discuss
“factors” rather than causes, with the understanding that even small differences in
a chain of factors could lead to vastly different results. In general, vehicles leave the
roadway for several commonly cited reasons including speeding, obstacle avoidance,
driver distraction, alcohol, and loss of control [10]. The severity of the vehicle’s depar-
ture rate from the roadway can range from a simple slow drift to a sudden directional
change causing a high angle of departure. NHTSA uses the term “critical reasons”
for ROR crash events based on the definition “the immediate reason for a pre-crash
event and is often the last failure in the causal chain (i.e., closest in time to the criti-
cal pre-crash event)” [11]. NHTSA found that the most frequently occurring critical
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reasons for single-vehicle ROR crashes attributable to drivers include “internal dis-
traction,” “overcompensation,” “poor directional control,” “too fast for curve,” and
“sleeping/actually asleep” [11]. The top critical reasons not attributed to the driver
included “tire/wheel failure”, “brake failure”, and “slick road surface”.
One of the most interesting results of NHTSA’s research on single-vehicle ROR
crashes is that amongst all the critical reasons investigated and documented, 95.1
percent were driver related [11]. Within the critical reasons attributable to drivers,
the most frequently occurring categories were driver performance errors, followed by
driver decision errors, critical non-performance errors, and driver recognition errors.
This validates what may already seem obvious, that the driver (specifically driver
performance) is a critical weak link in the chain of events leading to an ROR crash.
However, among non-ROR single-vehicle crashes only 84.1 percent of critical reasons
were driver related [11]. An effective solution to ROR, therefore, must directly address
the issue of driver performance.
The natural response of our society has previously and continues today to look
towards engineering solutions for countermeasures to combat major public issues such
as traffic safety and specifically ROR. The engineering community has certainly risen
to the occasion and a number of ROR countermeasures including roadway modifica-
tions, vehicle safety systems, and driver education will be explored in the literature
review contained in Chapter 2 and also throughout this dissertation. Some of these
countermeasures have been proven to be successful in reducing the occurrence and/or
severity of ROR crashes and some are debated as to whether they provide any, or
even negative, effects. Nonetheless, many of the current solutions to ROR suffer
from limitations because they continue to allow poor driver behavior to influence the
outcome of the scenario.
In the following chapters, driver behavior and performance is addressed through
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Figure 1.2: Overview of the two primary solution paths for addressing driver behavior
and performance during run-off-road events as described in this dissertation
engineering and education techniques as depicted in Figure 1.2. Chapter 3 examines
four control methodologies for autonomous recovery of a vehicle from an ROR event.
This approach holds potential for superior results over other countermeasures by com-
pletely removing the driver from the recovery process and instead relying on robust
vehicle technologies for safer performance. Chapter 4 further develops the controller
discussion and identifies a stable and robust control algorithm with proven success
through simulation testing. Chapter 5 explores an educational approach to ROR
through the design of a automotive simulator based ROR training program. A pilot
study is included which investigates the potential of the simulator environment and
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video program to effectively train drivers on how to safely react and recover from
ROR. Chapter 6 extends the analysis of the previous chapter through a validation
study of the fixed-based simulator environment. Human-subject testing is used to
compare driver behavior in the simulator to that known from crash data and ver-
ify the realism of the simulated ROR events to ensure accurate extension of results.
In Chapter 7, a pre-test/post-test human-subject experiment is used to evaluate the
effects of an ROR training video on driver’s recovery performance in a driving simula-
tor. The following chapter (Chapter 8) offers final conclusions and recommendations
for future work activities. Lastly, the appendices contain supplemental information
pertinent to the research described in this dissertation and are followed by a listing
of the references cited throughout the document.
Finally, while the results and conclusions drawn from this research seem promis-
ing, it is understood that even these solutions can become limited in effectiveness
without a change in the social norms surrounding driving. The true benefits of engi-
neering are only realized when proper education, public policy, and social influences
fall into place behind them. This dissertation examines and develops combinations of
engineering and education solutions for ROR, but the hope is that this document and
the research it represents will help to convey the need for a change in our society’s
perspective of traffic safety and help bring about a change in social norms surrounding
the risks of driving, and ROR specifically.
11
Chapter 2
Literature Review
Run-off-road (ROR) crashes are not a radically new problem within traffic
safety. Unfortunately, these devastating types of crashes have been claiming tens
of thousands of lives and forever impacting families each year for decades. A study
investigating fatal ROR crashes in the U.S. from 1975 to 1997 found that ROR crashes
involving fatalities peaked in 1980 when over 20,000 people were killed, accounting
for about 40 percent of the total number of motor vehicle deaths that year [12].
However, despite a decrease in the total number of motor vehicle fatalities between
1980 and 1997, the study in [12] showed that the proportion of ROR fatalities actually
increased. Similar results are shown in [10] for fatal single-vehicle crashes between
the years 1991 and 2007. The total number of fatal single-vehicle crashes fluctuates
over the 17 years studied, however, an upward trend is shown for the percent of ROR
crashes, rising from under 67 percent in 1993 to over 73 percent in 2007. While
ROR may not be a new issue, its growing share of the total number of motor vehicle
fatalities has increased its relevance, especially in recent years. ROR is not a problem
isolated within the U.S. either. The global effects of ROR can be observed in studies
conducted across the world; many countries specifically address ROR as a critical
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issue in their strategic traffic safety action plans [13, 14, 15, 16].
Within the past fifteen years, the terms “Run-off-Road” and “Roadway De-
parture” have begun to appear in numerous publications and government reports.
A large portion of these papers and reports have highlighted conclusions found in
studies conducted on crash data and reports. In a 2011 NHTSA Technical Report,
crash data from the National Motor Vehicle Crash Causation Survey (NMVCCS) was
studied from crashes occurring between 2005 and 2007. The report showed that ROR
accounted for 64.4 percent of all single-vehicle crashes and among those crashes 95.1
percent of the critical reasons were driver related [11]. In an earlier 2009 NHTSA
Report, fatal single-vehicle crashes were studied from the Fatality Analysis Report-
ing System (FARS) from 1991 to 2007. The study found that the most influential
factors in the occurrence of fatal single-vehicle ROR crashes were: sleepiness, alcohol
use, roadway alignment with curve, vehicle speeding, passenger car, rural roadway,
high-speed-limit road, adverse weather, and crash-avoiding [10]. In the southeast
United States, 579 fatal ROR crashes occurring in the State of Florida in 2000 were
investigated to examine characteristics associated with overcorrection. The study
found that after the initial ROR event, 36 percent of vehicles returned back to the
roadway only to cross the entire roadway and depart again on the opposite side, 33
percent of vehicles returned to the travel lane only to depart from the roadway again
on the same side, and 29 percent of vehicles returned to the roadway only to strike
another vehicle on the roadway [7]. The dangers of overcorrection and the severity
of the problem are evident from Spainhour’s work and she cites rumble strips as an
influential factor, noting that there was an 80 percent higher risk of overcorrection on
high speed roadways with rumble strips than without [7]. An in-depth investigation
of 1,092 ROR crashes from 2001 to 2005 was conducted on Italy’s Motorway A16
Naples-Canosa. The study found that ROR crashes in sections without roadside bar-
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riers were more severe than in sections equipped with roadside barriers. In addition,
new barrier designs with energy absorbing terminals, thrie-beam roadside barriers
equipped with rubber rail, and steel median safety barriers all lead to lower crash
severity than older W-beam roadside barriers and New Jersey concrete barriers [16].
2.1 Roadway Infrastructure Modifications
When examining crash data it is natural to first place blame on the roadway
environment. For example, “if that tree hadn’t been so close to the road the driver
wouldn’t have collided with it”, or “if there had been a barrier on the side of the
road the vehicle wouldn’t have struck the ditch and overturned”. This natural pro-
cess of analysis has caused roadway infrastructure improvements to become a highly
researched area, and as a result, constitutes a major percentage of the currently im-
plemented solutions to combat ROR. In 2003, the National Cooperative Highway
Research Program (NCHRP) released a report entitled A Guide for Addressing Run-
Off-Road Collisions. The report summarized the current documentation and knowl-
edge concerning methods addressing three ROR related objectives: 1) Keep vehicles
from encroaching on the roadside, 2) Minimize the likelihood of crashing or overturn-
ing if the vehicle travels off the shoulder, and 3) Reduce the severity of the crash.
“Tried”, “In Experimental State”, and “Proven” strategies such as rumble strips,
shoulder treatments, relocation of hazardous roadside objects, and barrier design are
discussed and evaluated in the context of highway infrastructure safety [17].
Many other reports and studies have been published which provide a more
detailed analysis of particular infrastructure improvements. Patel et al. [18] investi-
gated the benefits of shoulder rumble strips on two-lane rural highways in Minnesota.
The results showed a 13 percent reduction in all single-vehicle ROR crashes. In 2009,
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Table 2.1: Summary of roadway modifications categorized by objective, modified from
[17]
Objective Roadway Modification
Keep the vehicle from
leaving the roadway
• Shoulder rumble strips
• Skid-resistant pavement surfaces
• Shoulder treatments:
- Shoulder drop-off (lip height) maintenance
- Widened and/or paved shoulders
• Enhanced pavement markings, delineation, and other sig-
nage etc.
Minimize the likelihood
of crashing into an object
or overturning if the ve-
hicle leaves the roadway
• Hazardous roadside object removal
• Safer roadside slope/ditch design
• Enhanced markings for roadside objects
Reduce the severity of
the crash
• Roadside barriers and guardrails
• Improved design of roadside hardware
an NCHRP report was released which examined the effects of both shoulder and
centerline rumble strips. The findings revealed single-vehicle ROR reductions of 11
percent and 15 percent for shoulder rumble strips on rural freeways and two-lane
roads respectively [19].
ROR crashes can be very dangerous and difficult to control in both wet and
dry roadway conditions, however, even the slightest amount of moisture on the road
can reduce the tire pavement friction by 20 to 30 percent [17]. Neuman et al., in [17],
explains that the New York State DOT found that by treating high crash risk sites
with overlays or microsurfacing to improve the skid resistance, accident reductions up
to 50 percent were obtained for wet conditions and 20 percent improvements overall.
Noyce et al. [20] provides a summary of a number of pavement management studies
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along with surveys from many U.S. states. Noyce’s conclusion is that while the rela-
tionship between skid resistance countermeasures and crash reduction is difficult to
quantify, it is nonetheless an important consideration for traffic safety, and pavement
surfaces must be studied for their micro-texture and macro-texture.
Lane and shoulder widths are also a highly investigated area of research for
ROR crashes. Gross et al. [21] found that wider roadway pavement widths were
associated with lower crash rates as drivers had more space and time to react in
emergency situations. In [22], Lord et al. notes that an additional 0.3 m (1 ft) of
lane width can reduce the frequency of related crashes by as much as 12 percent
with lower effects above 3.6–4.5 m (12–15 ft). They also showed that widening the
paved shoulder by 0.6–2.4 m (2-8 ft) can reduce related crashes by 16 to 49 percent
respectively. The composition of the shoulder can also have an added effect on ROR
crashes with studies finding an increase of up to 14 percent on unpaved shoulders
[23].
Irrespective of the pavement width, some vehicles will inevitably leave the
paved portion of the roadway adding the potentially hazardous pavement edge drop-
off (or lip-height) to the recovery equation. The vertical difference between the road
surface and the unpaved shoulder can affect vehicle stability and in some cases cause
drivers to scrub the inner sidewall of the tire creating a dangerous situation. The
Federal Highway Administration (FHWA) recommends a 30◦–35◦ asphalt fillet to im-
prove tire transition and avoid scrubbing citing a 5.7 percent non-significant reduction
in total crashes on rural two-lane highways [24]. Hallmark et al. [25] notes an in-
creased crash risk for lip-heights exceeding 5 cm (2 in), which characterized 12–18.6
percent of roadway samples taken in Iowa and Missouri. Hallmark supports the 5 cm
maintenance threshold adopted by many states in the U.S.
The design and composition of the shoulder beyond the lip-height can also have
16
a significant impact on ROR crash severity. Neuman et al. [17] explains that the most
common harmful events in fatal single-vehicle crashes are overturn (42%), followed
by impacts with a tree (26%), a utility pole (7%), and a ditch or embankment (5%).
Neuman explains that the wider the clear zone the safer it will be. While researching
road safety in New South Wales, Levett indicates, in [26], that 75 to 85 percent of the
safety benefit associated with clear zones is obtained within the first six meters. In
addition to removing hazardous objects, the slope of the clear zone can influence the
chance of successful recovery. Zegeer et al. [27] indicates that significant flattening
such as a 1:3 slope to 1:7 is related to lower single-vehicle ROR crashes.
Another solution for making shoulders safer are guardrails and barriers. Al-
though this method adds a roadside object, it can help reduce the severity of a ROR
crash by lowering the speed of out-of-control vehicles and/or redirecting them away
from hazardous shoulder conditions. In [26] it is recommended that when a run-off
area is available all roadside hazards should be removed and any slopes leveled out.
However, when there is no run-off area available, appropriate safety barriers should
be installed. In [28], Paulsen et al. found that energy absorbing guardrail terminals
were capable of reducing the speed of small vehicles up to 75 percent for head-on col-
lisions and 50 percent when struck at an angle of 15 degrees. Paulsen notes that the
strategic placement of guardrails away from roadside slopes and embankments can
greatly reduce the rollover risk. Additional studies on various guardrail and barrier
designs and effectiveness can be found in [29, 30, 31, 32].
Finally, a number of enhanced delineation, signage, and pavement/roadside
object marking techniques have also been implemented to grasp driver’s attention,
provide a better visual of the roadway, and ultimately help prevent vehicles from
leaving the roadway. Neuman et al. summarizes these countermeasures in [17], stating
successes in ROR crash reduction of up to 15 percent in some cases.
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2.2 Vehicle Safety Systems
Roadway infrastructure modifications can help keep drivers from leaving the
roadway in unsafe and dangerous manners, however, they do not provide a direct
solution to the ROR problem of driver performance errors. Roadway infrastructure
solutions represent a large portion of currently implemented and proven solutions to
ROR, but not all roads can be retrofitted with such modifications. Cost and space
are often huge restricting factors, especially on rural roads where many ROR crashes
occur. These limitations are reflected in the beneficial yet overall low percentages
of ROR crashes which roadway modifications affect. To combat some of these lim-
itations and develop solutions independent of vehicle location, researchers have also
investigated on-board vehicle safety systems.
One vehicle technology which has become popular and widely implemented
(due to government regulation) in the commercial market is anti-lock brake systems
(ABS). Since its introduction in the 1970s, ABS has been developed in many forms
to help vehicles maintain traction under braking conditions, and research on new
advanced designs still continues today [33]. Although ABS is not designed specifically
for ROR, the increase in stability it offers would be expected to help keep vehicles on
the road and benefit ROR crash statistics as well. A 1994 report published by NHTSA
found that fatal multi-vehicle crashes on wet roads were reduced by 24 percent in cars
equipped with ABS. These reductions, however, were offset by a significant increase
in single-vehicle ROR crashes, especially rollovers [34]. Similar results were found in
a 2004 paper detailing a study conducted on ABS in Australia [35]. In [2], Evans
explains that while ABS is effective on slippery and wet roadway conditions it has
a very minimal effect on crash risk for dry roads where 80 percent of crashes occur,
making the overall benefit of ABS very small. In addition, a number of studies show
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that ABS is associated with higher rollover risk and ROR crashes. Evans attributes
this to evidence showing that ABS equipped vehicles are driven at higher speeds,
and rollover and ROR crashes are significantly influenced by speed [2]. Evan’s theory
does not imply that ABS should be discarded completely, as it certainty is beneficial
in slippery conditions. However, ABS is a perfect example of how influential driver
behavior is in ROR crash risk and how important it is that a good ROR solution
directly address driver performance.
Another popular, and recently legislated, vehicle safety system which influ-
ences ROR crash risk is Electronic Stability Control (ESC). ESC works to detect and
reduce loss of control in a vehicle by measuring the chassis’s yaw rate and the steer-
ing wheel angle for information regarding the driver’s intentions. Individual wheel
braking, and sometimes reduced engine power, is then applied to maintain as much
traction as possible in the situation and keep the vehicle from spinning out or losing
control. In [36], Farmer investigated the crash risk of 2000 and 2001 model vehicles
equipped with ESC to earlier models without ESC in the U.S. during the years 2001
to 2002. The analysis revealed a 41 percent reduced single vehicle crash risk for ESC
equipped vehicles, suggesting that if all vehicles featured such equipment, 800,000 of
the 2 million single vehicle crashes in each of those years could have been avoided [36].
Many other studies showed similar promising results for the technology, and in 2007
NHTSA finally ruled that all vehicles with a gross weight rating of 10,000 pounds or
less had to be equipped with ESC by 2012 [37]. NHTSA stated that with 100 percent
penetration rate, ESC would save a total of about 5,000 to 10,000 lives and eliminate
156,000 to 240,000 injuries each year, a majority of which would be associated with
single-vehicle rollovers [37]. These suggested benefits were significant and whether or
not these predictions became a reality, ESC certainly offers a great benefit to loss of
control crashes especially ROR. However, NHTSA acknowledges in their report that
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ESC cannot prevent road departures caused by inattention, drowsiness, or factors
other than loss of control. In addition, ESC can only operate within certain physical
limitations (i.e. it can not create traction when none is available) thus when speed is
too great given the traction available, even an ESC equipped vehicle will unavoidably
drift off the road [37]. As ROR crashes are typically associated with higher speeds
this leaves a number of scenarios unaccounted for in this particular solution to ROR.
Driver behavior and performance is not completely addressed with ESC leading to
one of its biggest limitations as a ROR solution.
One of the latest commercially implemented vehicle safety systems for which
there has been a lot of talk in the automotive industry is lane departure warning
(LDW) systems. Multiple sources have announced and predicted LDW systems as
one of the new popular safety systems to receive widespread implementation over the
next few years [38, 39]. Lane departure systems have been developed and tested in a
variety of different forms, but the basic strategy focuses on monitoring road and lane
markings through cameras and image processing to detect the position of the vehicle in
the lane and determine if an unintended departure is impending. Publications on both
active and passive systems appear numerously in literature. Passive LDW designs
present a simple warning to the driver when an unintended departure is detected
and can be categorized as auditory, visual, or haptic. Many of the commercially
available systems employ an auditory tone or beep to convey a warning, however, other
auditory warning systems have been tested which include sounds such as simulated
rumble strips [40, 41, 42]. Visual warnings have also been tested including flashing
LEDs, illuminated icons, and information presented on heads-up displays (HUD) [42].
Auditory warnings present an added advantage as they can be used to alert drowsy
or inattentive drivers whereas visual warnings must often be used in conjunction
with audio to present redundant information and improve detection [43]. Auditory
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and visual warnings have been shown to provide modest value in reducing ROR
crashes [44, 45], however, some studies have shown even more promising results for
haptic cues such as steering wheel and seat vibrations and steering wheel torques.
Stanley et al. [40] studied a lane departure warning system which incorporated seat
vibrations and rumble strip sounds. She found that the haptic feedback produced
faster reaction times and the auditory feedback caused drivers to use more steering
response which can be dangerous in an ROR scenario. Similar results were found by
Suzuki et al. [44] in a comparison of steering wheel vibrations, torque, and auditory
beeps. The steering vibrations caused faster reaction times and the auditory warnings
were not as effective especially when the drivers were not aware of what they meant.
Additionally, Suzuki notes that some participants turned the opposite direction when
given a steering torque as a lane departure warning. Other motor priming devices have
been investigated by [41, 42, 43] and found to be more effective means of warning
drivers than traditional visual or auditory devices. A comparison of ROR vehicle
safety systems along with their respective driver interface and control actions is shown
in Figure 2.1.
In addition to passive LDW systems, many types of active systems (some-
times called lane keeping assistance, LKA) have been tested and can even be found
commercially although not widely implemented yet. Active LKA systems usually
involve some type of warning system to first alert the driver that an unintended lane
departure is occurring. In the event that inadequate driver response to the warning
is detected, the LKA system begins working to correct the lateral error. Advanced
control techniques are used to produce moderate steering and sometimes differential
braking in order to keep the vehicle in the intended lane. Some examples of LKA
systems showing positive and promising results can be found in [46, 47, 48, 49].
Overall, LDW systems, even in their various forms and implementations, have
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Figure 2.1: Diagram outlining various ROR countermeasures, their standard interface
with the driver in an emergency event, and respective control action taken
shown some encouraging implications for the ROR problem. Simulation and field
testing results demonstrate reduced lane departures, better lane keeping, and even
increased signal use for LDW equipped vehicles over similar non-equipped vehicles
[50, 51, 52]. Studies have also shown positive driver acceptance and perceived utility
of such systems, indicating they would be willing to spend a little more on a vehicle
with this technology [53]. The benefit of LDW systems as ROR crash prevention
techniques is invaluable, however, as the driver maintains full control of the vehicle,
these systems like ESC do have their limitations. In the case of passive LDW systems,
driver performance and behavior is still a major issue as it is still up to the driver to
react correctly to the warnings provided. Most of the active LKA systems developed
thus far only implement very modest control and still leave the driver in full vehicle
control, leading to the same driver performance issue. LDW systems, in general, are
designed to handle small lateral deviations and become much less effective in more
extreme road departures such as during obstacle avoidance or loss of control. A large
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number of ROR cases remain for which there is no crash preventative solution offered
by available vehicle safety systems.
2.3 Driver Education and Training
One solution to ROR which focuses more directly on improving driver response
is driver training. Very few publications exist which directly address ROR focused
driver training and education, however, there is an extensive amount of literature
on driver education in general. Starting back in the 1950’s, driver education was
believed to be the best means of teaching basic driving skills to novice drivers and
became widely available in public schools across the U.S. [54, 55]. However, in the
early 1980’s, a federally funded experimental study was conducted in DeKalb County,
Georgia to investigate the crash reduction potential of a competency based driver
training program. The project involved over 16,000 high school students making it
one of the largest studies of its kind as well as one of the most controversial, as it
failed to show a reduction in accidents or violations for trained drivers [56]. The
results from the DeKalb study actually showed increased crash rates for the drivers
who received the particular training over those that did not, prompting numerous
follow-up publications attempting to explain the results and limitations of the study
[57, 58, 59, 60]. In addition to a number of poor design elements and failures in
the DeKalb study, one discussion which arose was whether the training program
inadvertently caused the trained drivers to become over-confident in their driving
skills, leading to riskier driving behavior and eventually higher crash rates. Katila et
al. [61] argued that the effects seen in the DeKalb study were most likely due to a
poorly designed program and that increased confidence does not necessarily lead to
decreased safety. Katila supports the argument with data from a skid training study
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in Finland where trained drivers were more confident in their skills but did not show
increased slippery road crash rates over untrained drivers.
By the mid 1990’s, there was a growing recognition that improvements needed
to be made to the current approach on driver education. Graduated driver licensing
(GDL) emerged as a new method of easing novice drivers onto the roads. GDL
has been adopted, in various forms, by every state across the U.S. and has become
the focus of many research efforts since its initial proposal [62]. However, GDL
simply outlines the process through which an initial drivers license is obtained and
the implementation of driver education along side GDL is still a highly researched
problem. Daniel Mayhew is an extensively published researcher in the field of traffic
safety and he continuously stresses the need for experimental results when it comes
to evaluating driver education methods. In 1998 he warned that driver education
implementation within GDL should be heavily evaluated before widespread use [63].
In 2002, he reiterated that there is little support to suggest that driver education
is an effective safety measure and that such programs need to be empirically based
while addressing critical age and experience factors [64]. Again in 2007, he wrote
that the effectiveness and benefit of driver education within GDL still needs to be
proven. Despite studies showing negative benefits, especially in the cases where “time
discounts” for licensure are provided, Mayhew continues to argue the case for driver
education when implemented properly [65]. Even in 2010 Mayhew published a review
of driver education along with another expert in traffic safety, Lawrence Lonero,
stating that driver education was still not well proven and that further studies are
needed to follow up with preliminary results obtained in recent years [66]. It is
clear that to avoid falling into the same failing routine of previous driver education
programs, new methods must be examined thoroughly and supported with empirical
results.
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Recognizing the limitations of current novice driver education programs, some
researchers have begun investigating more advanced driver education as a possible
solution. In 1994, NHTSA proposed a two stage novice driver education program as
part of the GDL system [67]. The first stage would occur during the initial phase of
GDL (i.e. learners permit phase) where novice drivers would be taught rules of the
road, basic vehicle handling skills, and essential safety concepts. After a suggested
six month minimum period of supervised driving experience, a second stage driver
education course would be taught concentrating on more advanced safe driving skills
such as perceptual and decision making. Figure 2.2 illustrates this idea of two-stage
novice driver education with the inclusion of ROR training at the more advanced
level. However, advanced safe driving programs have not received the widespread im-
plementation of first stage novice training programs. Some two stage driver education
programs have reported small benefits in crash reduction and perceived risk awareness
[68, 69], yet many of these evaluation studies fail to show significant results. Further,
the long term effects, when evaluated, seem to only last a few months at best [70]. De-
spite mixed results, many experts and researchers still support the idea that there are
benefits which can be obtained through advanced driver education. To be successful,
however, these types of programs must address safe driving practices, risk assessment
and management, psycho-motor, cognitive, and perceptual skills, even personal lim-
itations and overconfidence must be considered [64, 68, 69, 71]. In [72], a second
stage novice driver education course was developed based on these principles. The
course teaches safe driving principles through both classroom and behind-the-wheel
environments including four main modules: Braking Skills, Obstacle Avoidance, Loss
of Control, and Tailgating. Results from a case study can be found in [73] showing
promising results for the program and training techniques.
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Figure 2.2: Diagram illustrating ideal implementation of two-stage novice driver ed-
ucation
2.4 Driving Simulators
In recent years, driver education and training has been revolutionized by the
low cost and widespread availability of virtual learning systems. From simple PC-
based driving tutorial programs to large scale advanced driving simulators, new av-
enues for both education and research have emerged. Boyle and Lee [74] reported
that there were 124 papers published between 1965 and 1999 (3.7 papers per year)
with the words “driving simulator” in the title, abstract, or topic according to the
ISI bibliometric database. In comparison, there were 572 papers published between
2000 and 2009 (63.5 papers per year). Driving simulators can now be found in a
variety of configurations boasting different features and advantages. Subsequently,
many researchers have put a lot of effort into validating the results they obtain from
particular simulator systems.
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No matter how complicated and advanced a driving simulator is, it is impor-
tant to establish the extendability of results and conclusions to real life. Ideally, the
best results would come from a simulator capable of replicating reality to the fur-
thest extent. This however, inherently adds costs and complexity possibly beyond
the capabilities of many research projects. Many researchers have shown that there
is plenty of relevant and applicable information that can be obtained from lower level
simulation systems. Desktop driving simulators offer the best in terms of low cost
and mobility, however, as one of the most basic designs, they sacrifice a good amount
of realism and limit the application of results. Allen et al. [75] compared a single
monitor desktop simulator with a narrow field of view display, a triple monitor desk-
top simulator with a wide field of view display, and a vehicle cab simulator with wide
field of view projector display for novice driver training. The authors note that the
desktop systems were ideal for implementation in high schools, however, the single
monitor simulator was associated with the poorest performance most likely because
of the narrow field of view. Another low-cost mobile driving simulator was developed
in [76] for novice driver safety training. The inclusion of a racing seat with seat
belt, as shown in Figure 2.3, provides a increased sense of realism over the desktop
configurations and shows promising results for improving driver performance.
Increased costs and some sacrifice in mobility opens the world of driving sim-
ulators featuring vehicle cabins for drivers to sit in and multiple projector screens or
large monitors for display as shown in Figure 2.4. Fixed-based cab simulators offer
a convenient balance in cost, complexity, and an immersive environment for added
realism and as such have become very popular in implementation. Kaptein et al.
[77] investigated the validity of a mid-level fixed-based driving simulator in assessing
driving behavior. Their results showed relative validity for behavioral variables such
as speed choice and lane-keeping performance, indicating that such results while valu-
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Figure 2.3: The Clemson Automotive Training System (CATS) is an example of a
low-cost mobile driving simulator
able should be interpreted carefully. Absolute validity was found for strategic route
choice decisions as drivers showed the same choice behavior in real traffic as they
did in the simulator. In [78], a fixed-based simulator was used to help novice drivers
acquire higher-order perceptual and cognitive skills for safe driving. Drivers who re-
ceived simulator based road hazard handling training showed earlier hazard detection,
improved handling performance, and lower overall mental workload as compared to
untrained drivers in a simulated test environment. Underwood et al. [79] conducted
a driving simulator validation study in the context of hazard perception. Participants
were evaluated while driving in real traffic, while watching film clips recorded from a
real vehicle in traffic, and while driving in a simulated traffic environment. The results
validated the fixed-based simulator as increased scanning and earlier eye fixations on
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Figure 2.4: Example of a fixed-base vehicle cabin driving simulator
hazardous objects was detected for more experienced drivers in all three scenarios.
Additional studies involving fixed-based simulators are mentioned in [80, 81, 82, 83].
Motion-base driving simulators represent an effort to create a highly realistic
driving experience and come with an increase in complexity and cost. The motion of
the simulator base can range from a simple single degree like that mentioned in [84] all
the way up to more complicated 6 DOF and even 9 DOF platforms. Some of the most
advanced simulators in the world include the National Advanced Driving Simulator
(NADS) developed at the University of Iowa [85], The University of Leeds Driving
Simulator (UoLDS) [86], and Toyota’s Driving Simulator at the Higashifuji Technical
Centre in Japan [87]. These systems supply some of the highest fidelity driving
simulations ever built and they have been used for numerous validation, behavioral,
vehicle development, training, and other automotive related studies [86, 88, 89].
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Along with validation studies, the numerous implementations of driving sim-
ulators has also prompted various publications focused on evaluating simulator tech-
niques and providing recommendations for improving results. In [84], Norfleet et al.
compares a desktop simulator, a fixed-base in-vehicle cab simulator, and a mid-level
motion based cab simulator with haptic steering feedback. The hardware, software,
and general features of each simulator are rated and evaluated within the context of
Research, Education, and Entertainment along with recommendations for implemen-
tation in particular applications. Green et al. [90] examines the problems commonly
found in fixed-base simulators which lead to inapplicable results. Green offers recom-
mendations and solutions to problems such as unlimited driving boundaries, driving
too fast, and lack of handling and/or road imperfections. Another important condi-
tion for validity of driving simulator based experiments is adaptation. Sahami and
Sayed, in [91], investigated adaptation times in a driving simulator using a power
curve to mathematically model learning patterns of subjects. They found that adap-
tation time and learning rate was task-independent and not significantly different for
males versus females. They also recommend that practice scenarios should include the
use of all control inputs with repetition, if possible, to allow iteration and adjustment
of strategies. Changing conditions and scenarios are better than static conditions to
ensure and also detect that adaptation has occurred.
2.5 Vehicle Run-Off-Road Recovery Systems
Several of the sections in this dissertation focus on the development of an au-
tonomous control method tailored specifically for ROR recovery. Autonomous control
for ROR is the only solution which completely removes the driver from the recovery
process, thus eliminating the primary issue of poor driver performance and behavior.
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While autonomous vehicle capabilities have been explored in the research community
(i.e. DARPA Grand Challenge or Google driverless car) and implemented commer-
cially to limited extents (parallel parking, adaptive cruise control etc.), autonomy at
the scale necessary for ROR recovery remains far from commercial readiness. As a
result, the related work on autonomous ROR recovery systems remains limited.
In 1997, Alleyne [92] investigated intervention strategies for unintended road-
way departure. His researched showed that when coupled with a linear quadratic
control algorithm, front wheel steering and all-wheel braking provided improved con-
trol over four wheel steering and front or rear braking alone in ROR circumstances.
Alleyne’s research took place in the early stages of the surge of research surrounding
ROR and since that time much has been learned about ROR and possible counter-
measures. Numerous research efforts have occurred in recent years which developed
technologies and control methods useful for ROR but not specifically directed to-
wards the particular application. However, a few driver assist strategies have been
developed which are focused specifically on the ROR recovery process itself. In [93],
torque superposition was applied to the steering wheel to assist drivers in applying
correct and safe steering inputs during a roadway departure. The proposed func-
tion proved to improve reaction times and control of the vehicle without being too
intrusive or involving a large learning curve. In [94], shoulder induced accidents
are explored along with tire cornering stiffness estimation and driver intention based
steering corrections. Numerical results show a 75 percent increase in reaction time
available to the driver along with 30 percent reduction in yaw angle during recovery.
The research is extended in [95] including development of Kalman Filter based tire
cornering stiffness estimation and detailed feedback controller and driver intention
module to create a safer ROR recovery without excessive intervention. The strategy
is investigated amongst a variety of driver attention levels and controller intervention
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times showing lateral motion improvements of 30 percent and yaw angle reductions
of up to 46 percent with an attentive driver.
Overall, these driver assist ROR recovery systems offer promising results with
relatively less complex implementation requirements than fully autonomous solutions.
However, these systems still allow the driver to maintain primary control of the vehi-
cle and thus remain susceptible to poor driver behavior. The successes shown in each
of the publications mentioned, rely on specific performance criteria exhibited by the
driver which are not necessarily guaranteed during an ROR scenario. Therefore, the
need still remains for a complete and direct solution for ROR which eliminates the in-
fluence of driver performance and can safely recover a vehicle despite an unpredictable
environment and wide range of possible conditions.
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Chapter 3
A Comparison of Multiple Control
Strategies for Vehicle
Run-Off-Road and Return
3.1 Introduction
Modern automobiles incorporate a rich history of research and development
to provide improved safety, performance, and various amenities. Sometimes vehicles
depart from their desired trajectory onto the shoulder or side of the road. This
occurrence has been termed run-off-road (ROR) and has gained an increasing amount
of attention due to its statistically high impact on drivers today. Of the 1.679 million
single-vehicle crashes in 2010, about 71 percent can be attributed to ROR [96]. In
2010 alone, well over 12,000 of these ROR crashes involved fatalities [96].
Run-off-road involves the situation where a vehicle leaves the roadway and
begins to travel on the surfaces adjacent to the roadway such as the shoulder, grass,
or gravel. The vehicle typically enters either a 2-wheels-off condition, where 2 of
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the vehicle’s wheels are traveling off the paved surface of the road, or a 4-wheels-
off condition, where all four wheels have left the roadway. Both of these conditions
become very dangerous as the driver and vehicle are subjected to unfamiliar and
often low or split friction surfaces. Drivers lacking experience with these conditions
often invoke steering and/or braking commands which, while possibly sustainable in a
normal roadway environment, lead to unstable conditions and a high crash potential
off the roadway. Additionally, many drivers tend to overreact, quickly jerking the
steering wheel to bring the vehicle back on the road only to lose control and collide
with another vehicle on the roadway or obstacles on the other side of the road [7].
Research conducted by NHTSA determined that the cause of 95.1 percent of
single vehicle ROR crashes was attributable directly to the driver, whereas both the
vehicle and environment only accounted for about one percent each [11]. The most
frequently occurring types of errors for drivers included performance errors, such as
“overcompensation” and “poor directional control”, decision errors, including “too
fast for curves” and “too fast for conditions”, critical non-performance errors, such
as sleeping or physical impairment, and recognition errors, such as distraction [11].
The data clearly illustrates the need for an ROR solution which directly addresses
the issues of driver performance and associated errors.
Researchers, along with various roadway and traffic administrations, have de-
veloped some ideas to combat ROR. Many of the presently implemented methods
involve roadway infrastructure improvements. A few of the most common solutions
include the use of rumble strips to warn sleeping or inattentive drivers of pending
departure from the roadway or lane [19], widened shoulders to provide additional
space and reaction time for the driver to recover the vehicle before leaving the paved
surface of the roadway [21], and guardrails or tension cables to restrain ROR vehicles
from colliding with objects or more dangerous conditions off the side off the road [97].
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The proven success of each of these methods in reducing the number of serious ROR
crashes has lead to the popularity of their implementation. However, their success is
limited in the fact that not all roads can be retrofitted with these modifications and
they do not directly address the major issues of driver performance. Many times the
driver’s actions lead to departure conditions beyond the influence of rumble strips or
widened shoulders and with a lack of guardrails on many of the rural and country
roads, the frequency of ROR crashes still remains high.
As vehicle technology has advanced in recent years, a number of electronic
safety systems have been introduced to supplement roadway modifications in reducing
ROR crashes [39, 98]. Lane Departure Warning (LDW) systems have been proposed
in a number of different forms including those which simply provide the driver with
visual and/or audio warnings when an unintentional lane departure is detected, to
systems which actually provide active braking and/or steering to keep the vehicle
on the desired path [45, 52, 99]. LDW systems hold great potential to help reduce
the occurrence of ROR events, especially for slow departure rates. The limitation
with LDW systems occurs when the vehicle suddenly leaves the roadway at a rate
beyond the recovery potential of small braking or steering adjustments. Additional
research has also been conducted on steering assist systems tailored specifically for
ROR [93, 94, 95]. These studies indicate improvements in reaction times, vehicle
heading or yaw, and overall stability, however, they rely on the assumption that the
driver eventually reacts to the scenario within certain performance limits. Therefore,
LDW and similar driver assist systems do not offer a complete solution to ROR as
the driver still maintains primary control.
A solution which directly addresses the driver’s performance in ROR situations
is a driver training program. Most driver education programs focus on normal driving
tasks and behaviors with a few advanced programs offering more extreme training such
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as on a skid pad [66, 72]. Training programs for emergency situations such as ROR
are very rare due to the dangerous nature of the event, however, in [100] a simulator
based ROR training environment is proposed.
Driver training programs for ROR remain an attractive solution to the high
crash rates and fatalities. However, as vehicle technology continues to expand towards
more autonomous operations, computer controlled safety recovery systems are a nat-
ural option to explore. This chapter investigates a system to be used in conjunction
with current active safety systems to reduce the number of roadway departures and
safely recover the vehicle should an ROR event occur. The chapter is organized as
follows: Section 3.2 outlines the ROR problem and ideal recovery methods. Section
3.3 provides an overview of the vehicle model and components necessary for imple-
mentation of the ROR recovery system. Section 3.4 describes the development of four
different control algorithms for ROR recovery. Section 3.5 details the numerical study
conducted to evaluate the four controller candidates and in Section 3.6 the results of
the study are presented and discussed. Conclusions are offered in Section 3.7.
3.2 Problem Statement
One of the greatest dangers drivers face, in an ROR situation, is the un-
predictability of the road environment and how the vehicle will react under these
conditions. Despite uncertain roadway conditions, it is possible to identify general
stages of the ROR recovery process and ideal control actions for a successful recovery
as shown in Figure 3.1. From time t1 to t2 the vehicle undesirably transitions from its
lane-centered initial trajectory into a 2 or 4-wheels-off condition. An effective recov-
ery system must include robust methods for detecting roadway departure for which
some research has already been conducted involving GPS, camera image processing,
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and other sensors [99, 101, 102]. Following detection, controller actions begin from t2
to t3 where moderate differential braking stabilizes the vehicle, reduces the velocity,
and helps steer the vehicle back onto the road along with counter-clockwise (CCW)
steering at the front wheels. During the time from t1 to t3 the split-friction surface
environment becomes of great concern. Care must be taken to monitor yaw, yaw rate,
and slip angles to ensure traction is maintained during the initial maneuver back onto
the roadway. Time t4 describes the stage during which the wheels of the vehicle are
transitioning from the shoulder to the paved surface. Reduced differential braking
can help maintain stability during the surface transitions and small steering angles
become important especially due to the often presence of a lip height between the
road surface and the shoulder. The CCW steering, implemented at t3, must be large
enough to orient the vehicle at a steep enough angle, with respect to the roadway
edge, to avoid scrubbing the tires. However, the steering must be quickly reduced at
t4 to avoid overcorrection. Once all 4 wheels are back on the paved surface of the road
at t5, clockwise (CW) steering must be quickly implemented to correct the vehicle’s
orientation so that it travels properly in the trajectory of the lane as in t6.
Analysis of the recovery process reveals the importance of eliminating the lat-
eral error of the vehicle with respect to the lane center while minimizing yaw, yaw
rate, and sideslip despite lip height and surface friction disturbances. Several control
structures were investigated to compare their performance in a variety of ROR recov-
ery scenarios. First, a Sliding Controller was designed for this study due to its robust
properties and method of replacing complex higher-order dynamics with equivalent
1st-order problems. Next, a Linear Quadratic controller was considered which, despite
requiring a linearized vehicle model, provides a robust solution to the minimization
problem. The third controller for comparison was a State Flow controller for its abil-
ity to handle nonlinear systems and its seemingly natural fit within the multi-staged
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Figure 3.1: Vehicle conditions and controller actions during ideal phases of the ROR
recovery process [103]
perspective of the ROR recovery process. Lastly, a Proportional Derivative controller
was implemented to reference the performance available through classical methods.
3.3 Vehicle Models
A two track, 7 degree-of-freedom (7 DoF) vehicle model, as depicted in Figure
3.2, was used for the controller development presented in this study. Similar to the
models considered by [92, 104, 105], roll and pitch motions are neglected while still
accommodating steering and individual wheel braking. The dynamic equations for
the vehicle body’s longitudinal (x), lateral (y), and yaw (ψ) motion are
mx¨ = (Fxfl + Fxfr) cos(δ) + Fxrl + Fxrr − (Fyfl + Fyfr) sin(δ) +mψ˙y˙, (3.1)
my¨ = Fyrl + Fyrr + (Fxfl + Fxfr) sin(δ) + (Fyfl + Fyfr) cos(δ)−mψ˙x˙, (3.2)
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Izψ¨ = `f [(Fxfl + Fxfr) sin(δ) + (Fyfl + Fyfr) cos(δ)]− `r(Fyrl + Fyrr)
+ 0.5`w[(Fxfr − Fxfl) cos(δ) + (Fxrr − Fxrl) + (Fyfl − Fyfr) sin(δ)],
(3.3)
where the tire forces, F?•, include subscripts denoting wheel-axis direction (longitu-
dinal or lateral),  ∈ {x, y}, and wheel identification (front or rear), ? ∈ {f, r}, and
(left or right), • ∈ {l, r}. To transform the velocities from the body-fixed frame to
Figure 3.2: Vehicle model showing the seven degrees of freedom
the inertial frame (Xi, Yi), a coordinate transformation was used,
X˙i = x˙ cos(ψ)− y˙ sin(ψ), (3.4)
Y˙i = x˙ sin(ψ) + y˙ cos(ψ). (3.5)
The wheel dynamics (ω˙) are defined about each wheel center as
Jwω˙?• = Td?• − Tb?• − reffFx?•. (3.6)
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Use of the accelerator can be very dangerous during ROR and split-friction circum-
stances [106], thus the drive torque transmitted to each wheel, Td?•, was assumed
(A.1) to be zero allowing for only coasting and strategic braking to occur.
To allow for autonomous control, the vehicle was assumed to be equipped
with steer-by-wire and brake-by-wire systems. The steer-by-wire system was assumed
(A.2) to be similar to that presented in [107] where a brushless DC servomotor was
used to provide steering actuation in place of the conventional steering column shaft.
A second servomotor was connected to the steering wheel to provide feedback torque
to the driver. The control effort for this system consisted of proportional derivative
(PD) feedback, feed-forward compensation, friction component, and aligning moment
compensation. Thus, the required steering actuator torque, τ , was related to the
desired steering wheel angle, θd, as
τ = Kθ,p(θd − θ) +Kθ,d(θ˙d − θ˙) + Jsθ¨d + bsθ˙d + Fssgn(θ˙d) + kaτˆa. (3.7)
To perform four-wheel independent braking, the vehicle was also assumed
(A.3) to include a brake-by-wire system similar to that examined in [108]. Anwar
[108] showed that for variations in angular wheel speed of less than 500 RPM (60
km/h assuming a rolling radius of reff = 0.359 m), the torque generated by the
machine, Tb?•, is fairly linear with respect to lower current levels (ibrake < 150 A). It
was assumed (A.4) that the top vehicle speed varied between 50 < VCG < 100 km/h
and ibrake ≤ 150 A, hence, the braking torque applied to the vehicle was Tb?• = kb·ibrake
where kb is a known constant.
The vehicle model, presented in (3.1)-(3.3), contains nonlinear and coupled
dynamics which make it unsuitable for linear controller development such as linear
quadratic (LQ) control. The 7 DoF model can be simplified, however, using a few
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assumptions to create a linearized 2 DoF model based on vehicle lateral position,
y, and vehicle yaw angle, ψ. First, assumption (A.1) implies that during recovery,
the vehicle is either coasting or implementing moderate differential braking to main-
tain stability, neither of which will influence the longitudinal velocity significantly.
Therefore, the longitudinal velocity of the vehicle was assumed (A.5) to be constant.
During ROR recovery, differential braking is a useful control input for inducing
desired yaw moments, however, the steering control is the primary input for directing
the vehicle back onto the road while maintaining stability. The front tires, therefore,
are responsible for a large portion of the recovery control implementation. According
to the friction circle concept discussed in [109], there is a limited amount of combined
lateral and longitudinal force available at the tire-road interface. To decouple the
system inputs and allow the maximum amount of lateral force available at the front
tires for steering control, braking control can be designed to be implemented only at
the rear wheels for the LQ controller. The front wheels, therefore, experience no drive
torque or braking during recovery, thus, the longitudinal tire forces can be assumed
(A.6) to be zero, Fxfl = Fxfr = 0.
Next, the ROR recovery process does not require front wheel steering angles in
excess of 10◦, thus a small angle approximation (A.7) can be made for δ. Combining
the assumptions stated thus far, the lateral displacement dynamics from (3.2) become
my¨ = Fyf + Fyr −mψ˙x˙, (3.8)
where the lateral forces on each tire are combined into front and rear components
such that, Fyf = Fyfl + Fyfr and Fyr = Fyrl + Fyrr.
The last term in the yaw dynamic equation given in (3.3) involves the difference
between the front left and right lateral forces. This difference was assumed (A.8) to
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be very small compared to the other terms in the equation and can be neglected from
the model (Fyfl − Fyfr ≈ 0) resulting in
Izψ¨ = `fFyf − `rFyr + 1
2
`w(Fxrr − Fxrl). (3.9)
The simplified vehicle model in (3.8) and (3.9) relies on an estimation of the
lateral tire forces. During ROR recovery, the slip-angles can be assumed (A.9) to be
small enough that the lateral tire force is proportional to the slip-angle. The slip-
angle represents the angular difference between the orientation of the tire and the
velocity vector of the wheel as
αf = δ − y˙ + `f ψ˙
x˙
, αr = − y˙ − `rψ˙
x˙
. (3.10)
The lateral tire force for the front and rear wheels can therefore be given as
Fyf = Cαf (δ − y˙ + `f ψ˙
x˙
), Fyr = Cαr(− y˙ − `rψ˙
x˙
). (3.11)
The rear longitudinal forces are derived from the wheel dynamic equations in
(3.6), where ω˙r• = 0 due to the constant longitudinal velocity assumption (A.5). The
drive torque Tdr• is also assumed to be zero from assumption (A.1), allowing the rear
wheel longitudinal forces to be proportional to the brake torque, Fxr• = Tbr•reff . Finally,
the rear wheel differential braking control implies that braking will only occur on
one side of the vehicle at a time, simplifying the braking control into a single value
∆Tbr = Tbrr − Tbrl where a positive value indicates braking at the right rear wheel
and a negative value denotes braking at the left rear wheel.
The lateral and longitudinal force assumptions and simplifications can be sub-
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stituted into (3.8) and (3.9) to obtain the 2 DoF model in matrix form,
 y¨
ψ¨
 =
 −Cαf+Cαrmx˙ −x˙− `fCαf−`rCαrmx˙
− `fCαf−`rCαr
Iz x˙
− `
2
fCαf+`
2
rCαr
Iz x˙

 y˙
ψ˙
+
 Cαfm 0
`fCαf
Iz
`w
2Izreff

 δ
∆Tbr
 . (3.12)
Full knowledge of all system states was assumed (A.10) in this analysis. How-
ever, simple estimations methods could be used in applications where the states are
difficult to measure.
3.4 Controller Development
3.4.1 Sliding Controller (SL)
The sliding (SL) controller designed for this study, made use of independent
but complementary steering and braking control to recover the vehicle [110]. The SL
steering control was based on a potential field lane-keeping (L-K) controller defined
in [111]. A quadratic error function, V , based on the vehicle’s projected lateral error,
ela, is established as
V = k(ela)
2 = k(e+ xla sinψ)
2, (3.13)
where k is the potential field gain and e = YCG− YLC is the error between the lateral
position of the vehicle’s center-of-gravity (CG) and the lane center as shown in Figure
3.3. The center-of-gravity represents a fixed property of the vehicle so YCG becomes a
convenient point of measure for controller development. The quadratic error function
is used to compute the front wheel steer angle, δ according to
δ =
2
Cαf
∂V
∂e
cosψ, (3.14)
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Figure 3.3: Vehicle lateral geometry definitions used in controller development. (e =
YCG − YLC , where YLC = 0)
where Cαf = Cαfr + Cαfl is the sum of the individual front tire lateral stiffness
coefficients [111].
To help maintain vehicle stability and supplement the steering commands,
the SL controller made use of a differential braking strategy to create a desired yaw
moment. The braking scheme is ensured to work with the steering commands by using
the commanded steering angle δ as an input to the braking control calculations. To
help maintain stability, the SL braking control makes use of a sliding surface based
off a weighted combination of the vehicle sideslip angle, β, and yaw rate, ψ˙, according
to
s = ψ˙ − ψ˙d + ξ(β − βd), (3.15)
where the parameter ξ is used as a weighting factor [104]. The influence of the steering
angle, δ, may not be directly evident from (3.15); however, the desired yaw rate, ψ˙d
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can be related to δ by
ψ˙d =
x˙
`f + `r +
mx˙2(`rCαr−`fCαf )
CαfCαr(`f+`r)
δ, (3.16)
where Cαr = Cαrr + Cαrl is the sum of the individual rear tire lateral stiffness co-
efficients. Given the high priority of stability during the recovery process and the
fact that large sideslip angles often define instability, the target sideslip used in this
analysis was βd = 0. The SL control algorithm is established by defining a control
gain, η, and differentiating s such that
s˙ = ψ¨ − ψ¨d + ξβ˙ = ηs. (3.17)
Next, the ratio of the front-to-rear brake force distribution, ρ, was assumed (A.11) to
be constant [104] yielding
Fxrl = ρFxfl Fxrr = ρFxfr. (3.18)
A control parameter, Mψb, can be defined as
Mψb =
`w
2
(Fxfr − Fxfl). (3.19)
Substituting (3.18) and (3.19) into (3.3) and ignoring the terms `f (Fxfl +Fxfr) sin(δ)
and 0.5`w(Fyfl − Fyfr) sin(δ), due to the small steering angle assumption from (A.7),
yields
ψ¨ =
1
Iz
[`f (Fyfl + Fyfr) cos(δ)− `r(Fyrl + Fyrr) + (cos(δ) + ρ)Mψb]. (3.20)
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Solving for Mψb reveals the control law
Mψb =
Iz
ρ+ cos(δ)
[−`f
Iz
(Fyfl + Fyfr) cos(δ)
+
`r
Iz
(Fyrl + Fyrr)− ηs+ ψ¨d − ξβ˙].
(3.21)
Note that this control law is dependent on a number of vehicle parameters which
cannot be easily measured, including front and rear lateral tire forces, sideslip angle,
and sideslip rate. Estimation techniques can be implemented to approximate these
values before sending them to the controller.
The desired yaw moment is achieved through the use of differential braking
at the wheels. This requires computation of the desired brake pressure at each wheel
based on the control law, Mψb. Rearranging (3.19) reveals that the additional differ-
ential longitudinal tire force necessary to obtain the desired yaw moment is
∆Fxf = Fxfr − Fxfl = 2Mψb
`w
. (3.22)
The front wheel dynamics given in (3.6) can be re-written in terms of the brake
pressure Pbf• as
Jwω˙f• = Tdf• − AwµbRbPbf• − reffFxf•, (3.23)
where the middle term on the right hand side represents the braking torque, Tbf , and
the last term accounts for the torque from longitudinal tire forces. The drive torque,
Tdf•, was neglected under assumption (A.1) leaving the tire longitudinal forces to be
controlled by wheel braking. Considering that the wheel dynamics are much faster
than the vehicle body dynamics (A.12) [112], equation (3.23) can be rearranged and
(3.22) substituted for ∆Fxf , to yield expressions for the left and right brake pressures,
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Pbfl = κ
2Mψbreff
`wAwµbRb
, Pbfr = (1− κ) 2Mψbreff
`wAwµbRb
. (3.24)
The desired yaw moment is satisfied by a pressure difference between the left and
right brakes, implying the brakes were only applied to one side at a time. The term
κ =
1, Mψb > 00, Mψb ≤ 0 was used to activate the appropriate brakes depending on the
control parameter, Mψb. The rear brake pressures were applied proportionate to the
front brake pressures according to, ρ, the front-to-rear brake force distribution ratio.
To ensure practical extension of the results obtained in this study the control
inputs of steering angle and brake pressures were bounded to avoid computing infinite
control gains. The steering control was limited to angles obtainable by the vehicle’s
steering system, δmax = 60
◦, and the brake pressure bounds could be similarly based
on the braking system capabilities. In this study, steerability and ultimately stability
were of high concern given the low traction conditions, thus the maximum brake
pressure, Pb,max = 10 MPa, was chosen conservatively to avoid wheel lockup under
any of the conditions tested. The parameters for the lane-keeping controller, k and
xla, proposed in [111] were carried over into this study. The controller gains, η = 5
and ξ = 0.1, were chosen after examining a variety of value options.
3.4.2 Linear Quadratic Controller (LQ)
The ROR recovery problem focuses on restoring the vehicle back to the proper
lane position and correct orientation. Thus, it is convenient to establish a dynamic
model with state variables defining position and orientation error with respect to the
road. For position, the state variable e = YCG−YLC was used to define the distance of
the vehicle CG, YCG, from the center line of the lane, YLC , as shown in Figure 3.3. In
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this study, only straight roadway conditions were considered. The desired orientation
of the recovered vehicle is zero yaw and zero yaw rate, ψd = ψ˙d = 0. This does not
require the establishment of an error term for orientation, however, the extension to
curved roadways can be accomplished by defining an error state for orientation which
takes into account the desired yaw and yaw rate to traverse the curve properly. The
derivatives of the position error are defined as
e˙ = Y˙CG = y˙ + x˙ψ, e¨ = Y¨CG = y¨ + x˙ψ˙. (3.25)
Substituting (3.25) into (3.12) the equations of motion can be rewritten in terms
of the states z(t) = [e e˙ ψ ψ˙]′. However, LQ control based on regulation of the
states represented in z would result in a non-zero steady-state tracking error for the
lateral position. One way to mitigate this problem is to add the integral of the lateral
position error as a state [92] and thus include it in the LQ weighting matrices so that
z(t) = [
∫
e e e˙ ψ ψ˙]′. (3.26)
The state-space model becomes z˙(t) = Az(t) +Bu(t) where the inputs to the system
are the front wheel steer angle and rear differential brake torque, u(t) = [δ ∆Tbr]
′,
and the matrices A and B are
A =

0 1 0 0 0
0 0 1 0 0
0 0 −Cαf+Cαr
mx˙
Cαf+Cαr
m
− `fCαf−`rCαr
mx˙
0 0 0 0 1
0 0 − `fCαf−`rCαr
Iz x˙
`fCαf−`rCαr
Iz
− `
2
fCαf+`
2
rCαr
Iz x˙

(3.27)
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B =
0 0 Cαfm 0 `fCαfIz
0 0 0 0 `w
2Izreff

′
. (3.28)
As stated previously, the objective of the proposed control scheme is to regulate
the system to the state space origin (i.e. each of the lateral error and yaw orientation
states go to zero). To accomplish this goal, a cost function can be defined as
J = zT (tf )Sz(tf ) +
tf∫
t0
(zT (τ)Qz(τ) + uT (τ)Ru(τ))dτ, (3.29)
where Q and S are symmetric positive semi-definite matrices and R is symmetric
positive definite. Assuming (A.13) that the process is stationary (i.e. tf → ∞), the
associated Algebraic Riccatti Equation can be solved for P in the linear feedback
control law, defined as
u(t) = −(R−1BTP )z(t) = Gz(t), (3.30)
which will minimize the cost function, J , and stabilize the system response [113].
The control gain matrices Q and R were chosen based on an iterative method
so that
Q = diag([0.1 1 1 100 100]), (3.31)
R = diag([2 10−4]). (3.32)
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3.4.3 State Flow Controller (SF)
State flow (SF) control is a powerful tool to control complex nonlinear systems
based on logical expressions of the states. An SF controller monitors specific system
states and discretely switches between pre-programmed control outputs. The SF
controller, in this study, used steering and differential braking to control the vehicle;
separate but cooperative state flow controllers were designed for the steering and
braking individually [110].
The SF vehicle recovery controller primarily used the front wheel steering
angle, δ. Control of the steering was based on four states,
Sδ = {Zero, Y aw, Nominal, Sideslip}, (3.33)
according to the logic flow described below and shown in Figure 3.4.
Zero State: During normal vehicle operation the steering controller operates
in the Zero state or “off” state where no steering commands are implemented by the
controller and the driver maintains full control of the vehicle. When an ROR event
is detected by the system, the controller status is switched “on”. The SF controller
then examines the magnitude of the vehicle yaw angle, ψ with respect to the yaw
angle threshold, ψth = 6
◦, transitioning to the Yaw state if |ψ| > ψth or the Nominal
state if |ψ| ≤ ψth.
Yaw State: In sudden road departure cases, the vehicle may travel off the
roadway at large yaw angles. In this case, the Yaw state is invoked to provide steering
correction based on the current yaw angle. The front wheel steering angle, δ, is
controlled according to δ = Kψ · ψ with a gain Kψ = 6.5. The Yaw state is only
operated while one wheel is off the roadway; once two or more of the vehicle’s wheels
have left the road the controller transitions to the Nominal state.
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Figure 3.4: Logic flow for the SF steering control; controller state transitions based
on comparisons of vehicle states with threshold values ψth and βth
Nominal State: The objective of the Nominal state is to steer the vehicle back
to the center of the roadway lane. To accomplish this task, the desired front wheel
steering angle, δ, was calculated based on the L-K controller from (3.14), δL−K , such
that δ = KNom · δL−K . The control gain KNom = 1.2 was used to amplify the steering
commands computed by the L-K algorithm. In the event that the vehicle began to
experience large sideslip angles, |β| > 6.86◦, the controller switched to the Sideslip
state.
Sideslip State: The ROR recovery process is often subject to split-friction
surfaces as the vehicle transitions between the shoulder and the roadway. These
friction level changes can lead to large sideslip angles due to unequal tire forces on
each side of the vehicle. At large sideslip angles, tire adhesion is limited causing the
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vehicle response to become insensitive to small steering corrections. The steering
controller in the Sideslip state increased the amplitude of the steering commands
to mitigate the large sideslip angles. The commanded front wheel steering angle
was thus, δ = Kβ · δL−K where the control gain Kβ = 1.6 was chosen to be larger
than KNom in the Nominal state. Distinguishing between the control used in these
two scenarios is necessary as the smaller gains are insufficient in the Sideslip state
where the larger steering commands in the Nominal state can cause the vehicle to
over-correct and cross into oncoming traffic lanes.
A state flow braking controller was also designed to help reduce vehicle speed
during recovery and maintain stability. The SF braking controller worked with the
steering controller by monitoring vehicle yaw angle and adjusting the brake force ac-
cordingly. Additionally, the brakes were only applied when the vehicle was traveling
above 55 km/h and at least one wheel was off the roadway. This strategy was imple-
mented to help reduce controller complexity and mitigate the potential for instability
at high speeds and large steering angles. The state flow braking controller included
three states,
Sbrake = {Zero, Full, Small}, (3.34)
with logic flow described below and shown in Figure 3.5.
Zero State: The Zero state was the controller’s default state during which no
braking action was implemented, Tb?• = 0 Nm. The braking controller remains in
the Zero state until an ROR event is detected after which it transitions to either the
Full or Small state depending on the vehicle yaw angle. The braking controller only
returns to the Zero state if all four wheels return to the roadway or if the vehicle
speed drops below the 55 km/h speed threshold.
Full State: During an ROR event, if the magnitude of the vehicle yaw angle is
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Figure 3.5: Logic flow for the SF braking control; controller state transitions based
on comparisons of vehicle states with threshold values ψth and Vth
below the yaw threshold, ψ ≤ ψth, braking is implemented according to the Full state.
In the Full state, small yaw angles imply a lack of need for cornering ability, thus
a large braking torque, Tb?• = 150 Nm, can be applied to help reduce the vehicle’s
longitudinal velocity.
Small State: If the vehicle yaw angle exceeds the yaw threshold during recov-
ery, the braking controller enters the Small state. High yaw angles can be the result
of controlled steering maneuvers or sudden instability which both signify the need for
increased cornering ability. In the Small state, a reduced braking torque, Tb?• = 60
Nm, is used to continue to provide some speed reduction while allowing more tire
traction for steering maneuvers.
To simulate realistic capabilities of the SF control system, the front wheel
steering angle, δ, and individual wheel brake torques, Tb?• were bounded according
to physical limitations appropriate for each individual system. The values of the con-
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troller gains, Kψ, KNom, and Kβ, as well as the braking torques, Tb?•, and switching
conditions were determined according to an iterative experimental process to maxi-
mize controller performance.
3.4.4 Proportional-Derivative Controller (PD)
The classical controller represents the quality of response which can be ob-
tained from a quick and simple control analysis. In this design, the controller outputs
a desired steering wheel angle, θd, based on the lateral error, e = YCG− YLC (refer to
Figure 3.3),
θd = kpe+ kde˙. (3.35)
The desired steering wheel angle is then executed through the steer-by-wire system
mentioned in Section 3.3. Only ideal PD control was implemented, using controller
gains kp = 0.2 and kd = 2.
3.5 Numerical Study
The four controllers developed for this study represent a sample of possible
control methods for solving the nonlinear problem of ROR and recovery. It is impor-
tant to note that the controller gains were chosen according to an iterative process
to optimize performance, for the particular investigated vehicle, across as wide of a
range of ROR scenarios as possible. To determine which design could best handle the
nonlinear vehicle dynamics and various roadway disturbances, all of the controllers
were simulated using Matlab’s Simulink in conjunction with the vehicle dynamics
simulation software, CarSim. A typical two lane roadway environment, as shown in
Figure 3.6, was designed in CarSim with the ability to adjust particular roadway
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Figure 3.6: CarSim rendering of the simulated vehicle during ROR recovery
characteristics to provide a variety of simulation conditions. Despite ROR occurring
on both curved and straight roadway sections, for simplicity, this study focused solely
on straight roadway conditions with the extension to curves reserved for future work.
The first roadway property of interest, in this study, was the lip height or
roadway edge drop off, hl. The road lip height presents an added challenge to the ROR
recovery process as the vehicle’s tires must mount the roadway surface at an angle
steep enough to avoid scrubbing the tires on the lip [115]. If the vehicle approaches
the lip at a shallow angle, the tires can get caught against the edge and either never
fully recover back onto the road or suddenly catch enough friction to mount the
surface and slingshot the vehicle across the roadway [24]. Therefore, traversing the
road lip properly, involves utilizing larger yaw angles while monitoring for temporary
spikes in sideslip and yaw rate generated during the process. Road lip heights of 0,
2.5, 5, and 10 cm were used in the study to examine the effects of no lip, average lip,
maintenance requiring lip, and extreme case lip height.
Multiple differences in roadway versus shoulder surface frictions, ∆µ, were also
considered during this study. Vehicles recovering from ROR with large steering angles
and yaw rates are more susceptible to instability under split-friction conditions. To
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investigate a more nominal surface friction condition, a friction coefficient of µ = 0.7
was used for the dry paved road and µ = 0.4 was used for the shoulder to represent
grass or gravel, for a difference of ∆µ = 0.30. To examine behavior under more
extreme friction differences, µ = 0.8 was used to represent very dry pavement and
µ = 0.25 was used on the shoulder to simulate wet slippery grass or snow with
∆µ = 0.55 [20].
The ROR scenarios examined in this study included combinations of initial
velocities, x˙0, and steering wheel angles, θ0, leading up to the ROR event. Three
initial velocities were simulated, the first being 60 km/h to represent medium speeds
typically experienced on rural roads. The next speed was 85 km/h incorporating
faster conditions on rural roads or medium highway speeds and finally, 100 km/h
to examine the effects of high or excessive speeding. The first steering wheel angle
condition applied to the vehicle was 10◦ to simulate a gradual drifting off the road-
way. Additionally, a steering wheel angle of 20◦ was used to examine a more sudden
departure from the roadway, as in the case of avoiding an obstacle.
A Mercedes C-Class sedan, with independent front and rear suspension, was
used in the simulations. The vehicle mass and geometric properties are listed in Table
3.1. The front tire cornering stiffness was implemented as a function of the surface
friction coefficient which was dependent on the respective tire’s location on or off
the road. More complex algorithms for estimating the cornering stiffness and tire
forces exist, but were considered outside the scope of this initial comparison study.
The vehicle’s dynamics and behavior as simulated by CarSim have been validated for
ROR scenarios in [103].
To quantify the performance of each controller, a selection of vehicle states,
available for output from CarSim, were analyzed and compared. The first value of
interest was the maximum left lateral displacement, el,max = MAX(YCG) − YLC ,
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Table 3.1: Summary of vehicle parameters used in the simulation study
Parameter Value Units Parameter Value Units
m 1,653 kg reff 0.359 m
Iz 2,765 kg m
2 Aw 1 m
2
`f 1.4 m µb 0.9 −
`r 1.65 m Rb 0.16 m
`w 1.55 m ρ 1 −
Cαf (µ = 0.4) 20,000 N/rad Cαf (µ = 0.7) 36,500 N/rad
observed during the vehicle’s recovery. Large lateral displacements to the left of the
lane center are undesirable as this could place the vehicle directly in the path of
on-coming traffic. Several parameters were also chosen to help examine the stability
of the vehicle during recovery including the maximum steering wheel angle, θmax,
commanded by the controller. More aggressive steering angles can help to bring
the vehicle back towards the lane center faster, however, too large and they can
lead to a loss of traction or ultimately instability. Steering wheel angles close to
90◦ are recommended in [100] for drivers learning to properly recover from ROR.
Additionally the maximum yaw rate, ψ˙max, from each simulation run was compared
between controllers. Large yaw rates may be necessary to quickly recover the vehicle,
however, they can also cause the vehicle’s tires to operate under reduced friction
conditions, very easily leading to instability. The ideal controller should be able to
use appropriate levels of steering and braking to quickly direct the vehicle back onto
the roadway while at the same time working to monitor and minimize the yaw rate.
The final parameters used to analyze the performance of the controllers in-
volved the time and distance necessary for the vehicle to recover. The ROR recovery
process involves both removing the vehicle from the immediate dangers associated
with traveling on the shoulder and positioning the vehicle back in the center of the
lane with correct orientation. The time it took the controller to fully recover the
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vehicle back into the center of the lane, trec, and the associated distance, xrec, were
used to examine the entire recovery process. The fully recovered vehicle state was
defined by the CG of the vehicle being within ±0.2 m of the lane center, the yaw
angle, ψ < 0.57◦, and the yaw rate, ψ˙ < 2.86◦.
3.6 Simulation Results
The four controllers, SL, LQ, SF, and PD were implemented in the ROR
simulation under each combination of initial velocity, initial steering angle, lip-height,
and surface friction mentioned in Section 3.5. To initially evaluate the controllers
against each other, the average values of the performance parameters were compared
as shown in Table 3.2. The PD, SF, and SL controllers were each unstable in at least
one of the simulation configurations, leading to the car spinning out of control or never
recovering back onto the road. The LQ control scheme was the only controller that
exhibited a stable response under every simulation condition. Only the simulation
configurations where all four controllers were stable were used in the initial data
analysis compiled in Table 3.2 to provide equitable comparisons.
To help illustrate the results shown in Table 3.2, the lateral displacement of
Table 3.2: Comparison of simulation results between the four controller candidates
with best result in bold
Parameter
Sliding Linear State Classical
(SL) Quad. (LQ) Flow (SF) (PD)
el,max [m] 1.05 0.73 1.35 -0.12
θmax [deg] 28.0 115 26.0 63.5
ψ˙max [deg/s] 7.58 18.5 10.3 12.5
trec [sec] 13.5 7.83 13.8 5.91
xrec [m] 275 158 269 122
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the simulated vehicle is plotted with respect to longitudinal displacement, for two
simulation conditions, in Figure 3.7. The simulation conditions represent a nominal
ROR scenario with x˙0 = 60 km/h, hl = 2.5 cm, ∆µ = 0.3, and θ0 = 10
◦ in Figure
3.7a, and a more extreme ROR scenario with x˙0 = 85 km/h, hl = 5 cm, ∆µ = 0.55,
and θ0 = 20
◦ in Figure 3.7b. An immediate observation is that the PD and SF
controllers do not maintain stability for the more extreme ROR case. In fact, the PD
controller exhibited an unstable response in 21 of the 48 simulation configurations
tested. The SF controller was not able to recover the vehicle in 18 of the 48 simulation
configurations tested. The PD controller struggled to recover the vehicle in the more
extreme initial steer angle cases and for larger lip heights where the vehicle was often
unable to mount the roadway surface and became stuck in a 2-wheels-off situation.
The SF controller showed difficulties recovering in the higher initial vehicle speed
cases and when the surface friction difference was large.
The SL controller, although stable for both conditions shown in Figure 3.7,
did become unstable for 6 simulation runs where the vehicle speed was high, there
was a large surface friction difference and the initial steer angle was large. The LQ
controller recovered the vehicle in a stable manner in every one of the 48 simulation
conditions examined. The success of the SL and LQ controllers over the PD and SF
is most likely due to the formers’ methods of monitoring and minimizing the vehicle’s
states such as sideslip and yaw rate. The PD controller simply bases its control inputs
on the lateral displacement error sometimes at the expense of high sideslip angles or
yaw rates which eventually cause instability. It is clear that while the PD control
gains chosen for this study are suitable for nominal ROR conditions, especially when
examining el,max, trec, and xrec, these single values do not work for a wide range
of ROR conditions. The SF controller does monitor the sideslip and yaw rate of
the vehicle during recovery, however, the control commands are limited to discrete
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Figure 3.7: Comparison of lateral vs. longitudinal displacement for (A) nominal ROR
conditions and (B) extreme ROR conditions
conditions pre-programmed into the control structure. Although this provides the
SF controller with a little more flexibility, than the PD controller, to handle varying
conditions, it is not sufficient. In a previous study, the SF control design exhibited
desirable performance under nominal ROR conditions, even outperforming the SL
controller [103]. However, for the broader range of conditions examined in this study,
the SF controller induced large lateral displacements and overshoot causing the vehicle
to cross over the centerline into oncoming traffic in a number of simulations. This
illustrates the difficulty in determining an optimal SF algorithm amongst the varying
and unpredictable conditions experienced in ROR.
Overall, the data suggests that the LQ controller may offer superior perfor-
mance over the other controllers. The previous study, described in [103], revealed
that the SF and SL controllers were able to outperform an experimentally constructed
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driver response model under nominal ROR conditions. Since the LQ controller has
been shown here to outperform the SF controller, and at least compete with the SL
controller, it most certainly offers a superior recovery performance over the typical
overcorrection response exhibited by many drivers. The results presented thus far
are substantial enough to rank the LQ controller over the PD and SF controllers.
However, as stated previously, the high instability rates of the PD and SF controllers
severely limited the number of simulations which could be analyzed fairly. There-
fore a more detailed comparison was conducted between the two best performing
controllers, the SL and LQ, across all 48 simulation conditions. The six simulations
where the SL controller was unstable were not included in the SL analysis.
In the lateral displacement comparisons, the LQ controller beats the SL con-
troller in all cases. The LQ controller responds quicker initially to keep the vehicle
from traveling too far off the roadway while at the same time keeping the vehicle’s
trajectory from overshooting into the opposing lane. The plots of el,max in Figure 3.8
show the SL controller exhibits much higher overshoot, placing the vehicle partially in
the opposing lane for a number of the simulations. Interestingly, the lateral displace-
ment performance degrades for the more extreme cases of speed, friction difference,
and initial steer angle, however, the average values are relatively unchanged across
the various lip heights. The changes that do occur are even less extreme for the LQ
controller versus the SL.
The maximum steering wheel angles for both the SL and LQ controller remain
about the same across each of the simulation conditions. They do drop slightly for
the 10◦ initial steering condition and increase slightly for the 20◦ condition but none
of the other factors seem to critically influence the values. The LQ controller’s max
steering values are however about 90◦ more than the SL controller. Figure 3.9 shows
that the maximum yaw rates for the LQ controller are also much larger than the SL
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Figure 3.8: Comparison of el,max values across various simulation conditions for the
SL and LQ controllers
controller and interestingly the only factor which causes much of a change is the lip
height.
When considering the recovery times and distances, the LQ controller outper-
forms the SL with full recovery accomplished in almost half the time and distance.
From Figure 3.10 it can be observed that the only factor significantly influencing the
LQ controller’s recovery time is the initial speed of the vehicle. The SL controller,
in addition to speed, exhibits some fluctuation in recovery time due to friction differ-
ences and initial steering angle. Comparing the two controllers with regards to initial
speed, the SL controller takes longer to recover, on average, the faster the vehicle is
initially traveling. For the LQ controller slightly faster recoveries were actually seen
at higher speeds rather than slower. The fluctuation is within 2 seconds, however, for
both controllers.
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Figure 3.9: Comparison of ψ˙max values across various simulation conditions for the
SL and LQ controllers
The purpose of this study was to present an investigation of several common
control algorithms thought to lend themselves well to the complexities of the ROR
problem. The results of the comparison can then be used to provide direction for
future development of an autonomous ROR vehicle controller. The numerical simu-
lations for the SL and LQ controllers display promising results which warrant further
investigation and more complex development. Both controllers exhibit desirable be-
havior due to their robust properties and methods for regulating crucial vehicle states
such as yaw rate, sideslip, and lateral error. The vehicle system model, considered in
this study, is well suited for the linear quadratic control architecture and lends itself
well to the optimality properties of the algorithm. Despite using a simplified linear
model, the LQ controller is able to quickly and aggressively minimize the yaw rate
and lateral error without exceeding the bounds of stability. This performance, how-
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Figure 3.10: Comparison of recovery times ton and trec across various simulation
conditions for the SL and LQ controllers
ever, comes at the cost of large steering and differential braking inputs. In contrast,
the SL controller regulates the vehicle’s yaw rate, in a more conservative manner, by
severely limiting the steering and braking inputs. Both approaches offered by the
LQ and SL controllers have their advantages and disadvantages. In general, sudden
and exaggerated inputs by the driver are typical factors leading to loss of control in
ROR scenarios, suggesting that the more conservative SL approach would be more
desirable. However, the LQ controller’s design and robust properties allow it to use
an optimal amount of control while still regulating the vehicle within the bounds
of stability. The SL controller’s less aggressive inputs, despite being inadequate to
maintain stability in more extreme ROR cases, should not be completely discredited.
There are still a few limitations to this preliminary study which need to be addressed
and may influence the performance and value of both of these controllers. Some fu-
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ture work items include the influence of state estimation techniques and uncertainty,
as well as the transition of control between the driver and controller which can be
studied in a simulator environment using human-subject testing. Finally, physical
implementation and real testing on a vehicle is needed to refine the controller design
and obtain experimental results.
3.7 Conclusion
The simulation study presented here is by no means exhaustive and represents
a limited view of the various extreme conditions experienced during run-off-road. A
successful autonomous ROR recovery controller must be able to predictably perform
safe and effective vehicle recovery in a wide range of roadway conditions without
placing the vehicle’s inhabitants in a more dangerous scenario than would have been
without the controller. The robust stability characteristics of the LQ controller proved
to be a critical tool to providing superior performance over the classical and nonlin-
ear control schemes especially in the more extreme simulation conditions. While it is
recognized that a fully autonomous vehicle safety solution may be premature for com-
mercial implementation, the implications of such research is non-the-less important
for the future of automotive safety. The growing availability of advanced control tech-
nology, along with overwhelming crash statistics, suggest that an autonomous ROR
recovery system is not only a natural next step in automotive safety but a necessary
one. The results of the conducted simulation study indicate that linear quadratic
control may be a promising solution to the ROR problem and the tragic number of
lives lost to this dangerous scenario.
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Chapter 4
Run-Off-Road and Recovery -
State Estimation and Vehicle
Control Strategies
4.1 Introduction
The average driver in the U.S. travels over 16,000 km (10,000 miles) each
year in their vehicle [116]. Many of these kilometers include local driving such as
commuting to work, picking children up from school, or simple trips to the grocery
store. Most drivers in the U.S. would hardly consider these local trips to be unsafe
tasks. In fact, a large percentage of drivers significantly underestimate the dangers
associated with driving their vehicle especially at times and in areas they feel most
comfortable [117]. However, each time a driver gets behind the wheel, he or she
instantly assumes a variety of risks that are not necessarily insignificant. In 2012,
30,800 people died, while 1.6 million were injured in over 5.6 million motor vehicle
crashes in the U.S. alone [116]. For the first time in almost a decade those numbers are
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up from the previous year. It must be recognized that our society has greatly benefited
from automotive safety research, yet despite many successful advances, motor vehicle
crash rates remain staggering. The statistics in [116] support the fact that automotive
safety is a continuing issue and new efforts need to be made to identify problem areas
and develop strategies to directly address these issues.
One statistic which has remained constant over the past several years is that
about two-thirds of all fatal single-vehicle crashes occur off the road, on the shoulder,
or the median [116]. These crashes all involve a situation called run-off-road (ROR)
and account for almost half of the motor vehicle fatalities each year [116]. An ROR
event occurs when two or more of the vehicle’s wheels leave the roadway and begin
to travel on the surface adjacent to the road, i.e. grass, gravel, dirt etc. Many
drivers are caught off-guard by the scenario and are not prepared to safely react to
the dangerous conditions associated with ROR. The off-road terrain can provide split
or low friction surfaces, uneven surface conditions (i.e. roadway edge lip height), and
roadside obstacles, all of which present increased susceptibility to a crash [17]. In an
attempt to quickly avert these dangers, many drivers instinctively react by rapidly
steering back onto the road. Overcorrection of the steering wheel can be one of the
most dangerous reactions to ROR as the driver may prematurely launch their vehicle
back onto the road only to collide with other traffic, run off the other side of the road,
spin out of control, or rollover [7]. In fact, two different studies on critical factors
associated with ROR listed driver performance related factors as the most influential
reason for ROR crashes [10, 11]. If ROR fatalities and injuries are to be reduced, the
solution must start with the driver’s behavior.
Current ROR countermeasures include roadway infrastructure modifications
and some vehicle safety systems. Roadway infrastructure solutions including rumble
strips, guard rails, and shoulder geometry design, have been extensively researched
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and developed over the past several decades [17, 19, 20, 24, 26]. In many cases these
designs have been proven to help deter vehicles from leaving the road and/or reduce
the severity of a crash should it occur. However, the gains associated with these
countermeasures are limited because not all roadways can be retrofitted with these
modifications, and the primary factor in ROR crashes, driver performance, is not
directly addressed [17]. In the past decade, vehicle safety system technology has
become available to warn drivers of impending roadway departure and in some cases
even augment the steering or braking controls to keep the vehicle in the desired lane
[40, 42, 43]. These types of systems, commonly referred to as Lane Departure Warning
(LDW) and/or Lane Keeping Assist (LKA), have been shown to help reduce the
occurrence of roadway departures and are becoming popular optional and standard
equipment on many new vehicles [118]. However, these systems and their associated
benefits also remain limited. For warning systems, driver performance remains a
critical issue since the driver maintains full control of the vehicle and must still respond
appropriately. Additionally, the current systems which augment the vehicle controls
can only handle slow drifting out of the lane and can not counter sudden roadway
departures or forceful commands by the driver such as overcorrection.
One countermeasure which focuses directly on the driver’s behavior is ROR
training. In [119] a simulator study demonstrated that drivers were able to improve
their ROR recovery skills after viewing a short training video on how to safely re-
spond to an ROR scenario. While it is acknowledged that this countermeasure does
not guarantee particular driver behavior in the event of ROR, the benefits of ed-
ucation and practice observed in [119] may help in conjunction with other present
countermeasures to create safer outcomes in the event an ROR scenario is encoun-
tered.
One of the primary benefits of ROR driver training is that it can be immedi-
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ately implemented whereas more advanced vehicle safety systems must be validated
and well proven before introduction into the commercial market. Vehicle safety sys-
tems specifically designed to address ROR recovery have been investigated. In [93]
torque superposition was used on the steering wheel to improve reaction time and
steering control during ROR recovery. In [95] steering corrections were applied to
assist the driver during ROR recovery based on tire cornering stiffness estimation
and prediction of driver intention. The limitation of these methods is that the driver
still maintains primary control of the vehicle and is able to perform poorly during
recovery. Autonomous vehicle recovery control was investigated in [120] for a sam-
ple of control algorithms. Linear quadratic and sliding methodologies demonstrated
superior performance characteristics over other algorithms examined. Although com-
mercial implementation of autonomous vehicle control may be far from realization,
the following study seeks to further develop the concepts investigated in [120] and
move towards a solution which may help to greatly reduce ROR crash rates.
The remainder of the chapter is organized as follows, Section 4.2 provides
detailed modeling of the vehicle dynamics, tire-road forces, and cornering stiffness es-
timation. Section 4.3 describes the estimation algorithm used for acquiring unknown
vehicle state information and Section 4.4 outlines the ROR controller algorithms and
detection methods investigated in the study. Next, details concerning the simulation
study design are provided in Section 4.5 along with results in Section 4.6. The results
of the simulation study are discussed in Section 4.7 with concluding remarks offered
in Section 4.8.
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4.2 Vehicle Modeling
The control algorithms and estimation techniques employed in this study rely
on both sensor deployment and vehicle dynamic models to predict and calculate the
behavior of the vehicle in real time. The variety of modeling techniques considered
in this study were chosen for accuracy within the ROR context and practicality of
implementation within an on-board vehicle safety system.
4.2.1 Vehicle Dynamics
The vehicle dynamic description was based on a four wheel, 7 degree-of-
freedom (7 DoF) model, as shown in Figure 4.1. This model is similar to those
developed in [92, 104, 105], where roll and pitch motions are neglected while still
accommodating steering and individual wheel braking. The governing equations for
the vehicle body’s longitudinal (x), lateral (y), and yaw (ψ) motions are
mx¨ = (Fxfl + Fxfr) cos δ + Fxrl + Fxrr − (Fyfl + Fyfr) sin δ +mψ˙y˙, (4.1)
my¨ = Fyrl + Fyrr + (Fxfl + Fxfr) sin δ + (Fyfl + Fyfr) cos δ −mψ˙x˙, (4.2)
Izψ¨ = `f [(Fxfl + Fxfr) sin δ + (Fyfl + Fyfr) cos δ]− `r(Fyrl + Fyrr)
+ 0.5`w[(Fxfr − Fxfl) cos δ + (Fxrr − Fxrl) + (Fyfl − Fyfr) sin δ],
(4.3)
where the tire forces, F?•, include subscripts denoting wheel-axis direction (longitu-
dinal or lateral),  ∈ {x, y}, wheel identification (front or rear), ? ∈ {f, r}, and side
of the vehicle (left or right), • ∈ {l, r}.
To transform the velocities from the body-fixed frame to the inertial frame
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Figure 4.1: Vehicle model showing the seven degrees of freedom
(Xi, Yi), a coordinate transformation was used,
X˙i = x˙ cosψ − y˙ sinψ, (4.4)
Y˙i = x˙ sinψ + y˙ cosψ. (4.5)
The wheel dynamics (ω˙) are defined about each wheel center as
Jwω˙?• = Td?• − Tb?• − reffFx?•. (4.6)
As shown in [120], a 2-DoF linear vehicle model can be derived from the
nonlinear 7-DoF model through the use of a few assumptions. First, the longitudinal
velocity of the vehicle is assumed to be constant. This assumption holds for the
ROR recovery scenario since the vehicle is always either coasting or implementing
moderate differential braking. Second, if only rear differential braking is used, then
the front tires experience a minimal longitudinal force that can be assumed to be
zero, Fxfl = Fxfr = 0. Next, a small angle approximation can be made for the front
wheel steering angle, δ, so that the lateral displacement dynamics from (4.2) become
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my¨ = Fyf + Fyr −mψ˙x˙, (4.7)
where the lateral forces on each tire are combined into front and rear components
such that, Fyf = Fyfl + Fyfr and Fyr = Fyrl + Fyrr.
Assuming the difference between the front left and front right lateral forces is
small, compared to other terms in the yaw dynamic equation, (4.3) can be rewritten
as
Izψ¨ = `fFyf − `rFyr + 1
2
`w(Fxrr − Fxrl). (4.8)
The lateral tire forces in (4.7) and (4.8) are assumed to be proportional to the
respective wheel slip-angles defined according to
αf = δ − y˙ + `f ψ˙
x˙
, αr = − y˙ − `rψ˙
x˙
, (4.9)
with the lateral tire force for the front and rear wheels given as
Fyf = Cαf (δ − y˙ + `f ψ˙
x˙
), Fyr = Cαr(− y˙ − `rψ˙
x˙
), (4.10)
where Cαf = Cαfl + Cαfr and Cαr = Cαrl + Cαrr.
Assuming no drive torque at the rear wheels and constant longitudinal velocity,
the wheel dynamic equations in (4.6) indicate that the rear wheel longitudinal forces
are proportional to the brake torque, Fxr• = Tbr•reff . Additionally, with rear wheel
differential braking control, the brakes will only be applied on one side of the vehicle
at a time, simplifying the braking control into a single value ∆Tbr = Tbrr − Tbrl.
The lateral and longitudinal force assumptions and simplifications can be sub-
stituted into (4.7) and (4.8) to obtain the 2 DoF model expressed in matrix form as
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 y¨
ψ¨
 =
 −Cαf+Cαrmx˙ −x˙− `fCαf−`rCαrmx˙
− `fCαf−`rCαr
Iz x˙
− `
2
fCαf+`
2
rCαr
Iz x˙

 y˙
ψ˙
 +
 Cαfm 0
`fCαf
Iz
`w
2Izreff

 δ
∆Tbr
 . (4.11)
4.2.2 Tire-Road Forces
Equations (4.1) - (4.3), and (4.6) each require an estimation of the tire forces,
F?•, during computations. Dakhlallah et al., [121], presented a formulation for the
longitudinal and lateral tire forces, based on the Dugoff model [105] as
Fx?• = Cσ?•
(
σ?•
1− σ?•
)
k?•, (4.12)
Fy?• = Cα?•
(
tanα?•
1− σ?•
)
k?•, (4.13)
with
k?• =
{
(2− λ?•)λ?•
1
if λ?• < 1
if λ?• ≥ 1
, (4.14)
λ?• =
(1 + σ?•)µ?•Fn?•
2
√
C2σ?•σ2?• + C2α?• tan
2 α?•
, (4.15)
where σ?• and α?• are the longitudinal and lateral slip of each wheel, respectively,
and Fn?• is the normal force on each tire. The longitudinal and lateral stiffness
coefficients, Cσ?• and Cα?•, are obtained using the estimation techniques presented in
Section 4.2.3. Similarly, the friction coefficient at each wheel, µ?•, is estimated based
on the tire force calculations. The terms σ?•, α?•, and the normal forces, Fn?•, are
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defined according to
σ?• =
reffω?• − vpx?•
max(reffω?•, vpx?•)
, (4.16)
α?• = δ?• − arctan(vpy?•
vpx?•
), (4.17)
Fnfl =
`rmg
2(`f + `r)
− hmax
2(`f + `r)
− `rhmay
(`f + `r)`w
, (4.18)
Fnfr =
`rmg
2(`f + `r)
− hmax
2(`f + `r)
+
`rhmay
(`f + `r)`w
, (4.19)
Fnrl =
`fmg
2(`f + `r)
+
hmax
2(`f + `r)
− `fhmay
(`f + `r)`w
, (4.20)
Fnrr =
`fmg
2(`f + `r)
+
hmax
2(`f + `r)
+
`fhmay
(`f + `r)`w
. (4.21)
The velocity parameters, vpx?• and vpy?• in (4.16) and (4.17) are the longitudinal and
lateral vehicle velocities at the tire/road contact point. These velocities are defined
per wheel according to
vp?• =

vpx?•
vpy?•
vpz?•
 = vcg + Ω× P?•, (4.22)
where vcg is the velocity vector at the vehicle’s center of gravity (CG) and P?• is
the vector position of each tire with respect to the CG. In this study, the rotational
velocity vector, Ω, is simply defined by the yaw motion along the z-axis, so that Ω
and P?• may be stated as
Ω =
[
0 0 ψ˙
]′
, P?• =
[
`x?• `y?• 0
]′
. (4.23)
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4.2.3 Cornering Stiffness
Estimation of the tire cornering stiffness is discussed in [122] based on a single-
track vehicle model. If the differential brake input is ignored, then equation (4.11)
may be expressed as
 y¨
ψ¨
 =
 −Cαf+Cαrmx˙ −x˙− `fCαf−`rCαrmx˙
− `fCαf−`rCαr
Iz x˙
− `
2
fCαf+`
2
rCαr
Iz x˙

 y˙
ψ˙
 +
 Cαfm
`fCαf
Iz
 δ. (4.24)
Equation (4.24) simply considers steering inputs and does not account for other factors
such as the road bank angle. In cases where road banking exists, estimation algorithms
can be implemented [123].
Using what is called the direct method [122], the front and rear cornering
stiffnesses, Cαf and Cαr can be defined by rearranging (4.24) such that
Cαf =
(`rmy¨ + `rmψ˙x˙+ Izzψ¨)x˙
(−y˙ − `f ψ˙ + δx˙)(`f + `r)
=
Fyf
αf
, (4.25)
Cαr =
(`fmy¨ + `fmψ˙x˙− Izzψ¨)x˙
(`rψ˙ − y˙)(`f + `r)
=
Fyr
αr
. (4.26)
Here it is assumed that all mass and geometric vehicle parameters are available as well
as real time measurements for δ, x˙, and ψ˙. Filtering schemes are used to approximate
the yaw acceleration, ψ¨, and ay − x˙ψ˙ is used in place of y¨ due to measurement
simplicity. It is noted when the slip angles αf and αr approach zero, Cαf and Cαr
approach infinity. This can occur during a transient maneuver or when the vehicle is
driving straight. To accommodate this singularity condition, saturation limits were
established for Cαf and Cαr and the estimation scheme was stopped for small steering
angles with the last estimate held as the best guess.
The direct method also requires an estimation of the vehicle’s lateral velocity,
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y˙. A kinematic model based state observer is presented in [124] for which the ob-
servability and convergence of the estimation error has been shown for non-zero yaw
rates. The observer uses the longitudinal and lateral accelerations, ax and ay, the
yaw rate, ψ˙, and the measurement of vehicle longitudinal velocity, x˙(meas) as inputs
to estimate the longitudinal and lateral velocities, ˙ˆx and ˙ˆy according to
¨ˆx
¨ˆy
 =
 0 ψ˙
−ψ˙ 0

 ˙ˆx
˙ˆy
+
ax
ay
+
k1
k2
 ( ˙ˆx− x˙meas), (4.27)
with
k1 = 2|α|ψ˙, k2 = (α2 − 1)ψ˙, (4.28)
where α is a design parameter and was chosen for performance as α = 1.4 for this
study. Once the front and rear cornering stiffness were calculated, a discrete Kalman
Filter was implemented to provide a smooth and filtered estimation of the stiffness
values.
4.3 State Estimation
An Extended Kalman Filter (EKF) was used to estimate the state vector
of the nonlinear vehicle system along with the tire/road forces. The discrete-time
form of the vehicle system in (4.1) - (4.3) was considered according to the state and
measurement model description,
xk+1 = f(xk, uk) + wk, (4.29)
yk = h(xk) + vk, (4.30)
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where wk and vk are the process noise and the measurement noise respectively. Both
wk and vk are assumed to be non-intercorrelated, stationary Gaussian white noise
processes with mean and covariance, wk (0, Qk) and vk (0, Rk). The state vector, xk
includes the estimated longitudinal velocity, ˙ˆx, lateral velocity, ˙ˆy, and yaw rate,
˙ˆ
ψ.
The output vector, yk, is composed of the measured longitudinal velocity, x˙meas, and
yaw rate, ψ˙meas.
The first step of the EKF algorithm is the prediction step which consists of
the propagation of the state estimate, xˆk, and the error covariance, Pk according to
xˆ−k+1 = f(xˆk, uk), (4.31)
P−k+1 = FkPkF
T
k +Qk, (4.32)
where Fk =
∂f(x,u)
∂x
∣∣∣
x=xˆk,u=uk
.
The second step is the update step and acts to correct the state estimate and
error covariance according to the measurement taken. The update step is defined by,
Kk+1 = P
−
k+1H
T
k+1(Hk+1P
−
k+1H
T
k+1 +Rk)
−1, (4.33)
xˆk+1 = xˆ
−
k+1 +Kk+1[yk − h(xˆ−k+1)], (4.34)
Pk+1 = P
−
k+1 −Kk+1Hk+1P−k+1, (4.35)
where Hk+1 =
∂h(x)
∂x
∣∣∣
x=xˆ−k+1
.
Figure 4.2 presents a block diagram of the estimation methodology considered
in this study. The tire/road forces are estimated from the following measurements all
of which are currently available on most vehicles or can be easily implemented given
current sensor technology:
• Yaw rate and longitudinal and lateral accelerations can be obtained using an
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inertial sensor.
• Longitudinal velocity is provided by the vehicle’s speed sensor.
• Angular velocity of each wheel is taken from the vehicle’s ABS.
• Road wheel steering angle can be measured by an optical sensor.
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Figure 4.2: Vehicle modeling and estimation signal flow diagram
4.4 Controller Design
The vehicle’s nonlinear dynamics and the various roadway conditions on which
ROR can occur present a difficult problem for the design of an autonomous ROR
recovery controller. Two algorithms have been identified which offer unique ap-
proaches to the ROR problem and have been shown to perform well in previous
studies [103, 120]. First, a sliding control algorithm was investigated given its ability
to manipulate the behavior of nonlinear systems to within a well defined trajectory.
Motivation for the second control algorithm is derived from the nature of the recov-
ery process which involves simultaneous minimization of the vehicle’s lateral error,
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yaw rate, sideslip, and control inputs (steering and braking). The cost function basis
and robust properties of linear quadratic control make it a natural candidate for au-
tonomous ROR recovery although its reliance on a linearized vehicle model must be
considered.
4.4.1 Sliding Controller (SL)
The sliding (SL) controller examined in this study, was comprised of a potential
field lane-keeping algorithm from [111] for steering commands, coupled with a sliding
control method for computation of independent wheel braking forces. A quadratic
error function, V , defined the potential field based on the vehicle’s projected lateral
error, ela, according to
V = k(ela)
2 = k(e+ xla sinψ)
2, (4.36)
where k is the potential field gain and e = YCG− YLC is the error between the lateral
position of the vehicle’s center-of-gravity (CG) and the lane center. The lane center
was defined in this study as, YLC = 0. The quadratic error function was used to
compute the front wheel steer angle, δ according to
δ =
2
Cαf
∂V
∂e
cosψ, (4.37)
where the front tire lateral stiffness coefficient, Cαf was estimated according to Section
4.2.3. Additional details are provided in [111, 120].
The SL controller’s differential braking strategy was used to help maintain
stability and supplement the steering commands by producing a desired yaw moment.
The sliding control was based on a sliding surface, s, which was comprised of a
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weighted combination of the vehicle sideslip angle, β, and yaw rate, ψ˙, according to
s = ψ˙ − ψ˙d + ξ(β − βd), (4.38)
where the parameter ξ was used as a weighting factor [104]. The coupling of the
steering commands with braking algorithm was established through the desired yaw
rate, ψ˙d which includes the front wheel steering angle, δ, according to
ψ˙d =
x˙
`f + `r +
mx˙2(`rCαr−`fCαf )
CαfCαr(`f+`r)
δ, (4.39)
where the lateral stiffness coefficients were computed according to the method in
Section 4.2.3. The target sideslip used in this analysis was βd = 0. The SL control
algorithm was established by defining a control gain, η, and differentiating s such
that
s˙ = ψ¨ − ψ¨d + ξβ˙ = ηs. (4.40)
Assuming a constant front-to-rear brake force distribution ratio, ρ, a control param-
eter, Mψb, can be defined as
Mψb =
`w
2
(Fxfr − Fxfl). (4.41)
Manipulation of the vehicle dynamic equations as shown in [120] reveals the control
law
Mψb =
Iz
ρ+ cos(δ)
[−`f
Iz
(Fyfl + Fyfr) cos(δ)
+
`r
Iz
(Fyrl + Fyrr)− ηs+ ψ¨d − ξβ˙].
(4.42)
To implement the desired yaw moment the brake pressure at each wheel
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must be computed based on the control law, Mψb. Substituting (4.42) into (4.6)
and acknowledging that the brake torque can be written in terms of brake pressure,
Tb?• = AwµbRbPb?• allows for the front left and right wheel brake pressures, Pbfl and
Pbfr, to be defined according to
Pbfl = κ
2Mψbreff
`wAwµbRb
, Pbfr = (1− κ) 2Mψbreff
`wAwµbRb
. (4.43)
Implementation of the desired yaw moment was accomplished by a pressure difference
between the left and right brakes. The brakes were only applied on one side at a time
according to the term, κ, defined as
κ =
1, Mψb > 00, Mψb ≤ 0 . (4.44)
The rear brake pressures were applied in proportion to the front brake pressures
according to the front-to-rear brake force distribution ratio, ρ.
The steering and braking control inputs were bounded according to values
obtainable by respective standard vehicle systems. The front steering wheel angle
was limited to, δmax = 60
◦, and the maximum brake pressure, Pb,max = 10 MPa,
was chosen conservatively to avoid wheel lockup under any of the conditions tested.
The parameters for the lane-keeping controller, k and xla, were chosen through an
iterative process to maximize the overall recovery performance and stability of the
vehicle amongst the simulation conditions considered in the study. All the sliding
controller gains and parameters are listed in Table 4.1. It is noted that in the case of
physical implementation of such a system, each of these values would require extensive
calibration depending on the vehicle configuration.
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Table 4.1: Sliding controller gains and system parameters used in the simulation
study
Parameter Value Units Parameter Value Units
xla (60 km/h) 45 m k 250 −
xla (90 km/h) 55 m η 100 −
xla (120 km/h) 60 m ξ 0.1 −
4.4.2 Linear Quadratic Controller (LQ)
Linear quadratic control focuses on the minimization of established states and
inputs to the system. The LQ controller examined in this study monitored two
primary state variables of interest, the lateral error from the lane center,
e = YCG − YLC , (4.45)
and the vehicle yaw angle with respect to the lane, ψ. The derivatives of the position
error were defined as
e˙ = Y˙CG = y˙ + x˙ψ, e¨ = Y¨CG = y¨ + x˙ψ˙. (4.46)
The states of the vehicle system were chosen so that
z(t) = [
∫
e e e˙ ψ ψ˙]′, (4.47)
where the integral of the lateral error,
∫
e, was chosen to alleviate steady state error
concerns. Equation (4.11) can be rewritten in state-space form z˙(t) = Az(t) +Bu(t)
according to the states established in (4.47). The inputs to the system are the front
wheel steer angle and rear differential brake torque, u(t) = [δ ∆Tbr]
′, and the matrices
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A and B are
A =

0 1 0 0 0
0 0 1 0 0
0 0 −Cαf+Cαr
mx˙
Cαf+Cαr
m
− `fCαf−`rCαr
mx˙
0 0 0 0 1
0 0 − `fCαf−`rCαr
Iz x˙
`fCαf−`rCαr
Iz
− `
2
fCαf+`
2
rCαr
Iz x˙

, (4.48)
B =
0 0 Cαfm 0 `fCαfIz
0 0 0 0 `w
2Izreff

′
. (4.49)
The associated cost function can be defined as
J = zT (tf )Sz(tf ) +
tf∫
t0
(zT (τ)Qz(τ) + uT (τ)Ru(τ))dτ, (4.50)
where Q and S are symmetric positive semi-definite matrices and R is symmetric pos-
itive definite. Assuming that the process is stationary (i.e. tf → ∞), the associated
Algebraic Riccatti Equation can be solved to obtain P in the linear feedback control
law, defined as
u(t) = −(R−1BTP )z(t) = Gz(t), (4.51)
which will minimize the cost function, J , and stabilize the system response [113].
The state and input weighting matrices, Q and R, were chosen based on an
iterative method so that
Q = diag([0.1 1 1 100 100]), (4.52)
R = diag([2 10−4]). (4.53)
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These gains would also require calibration depending on the vehicle and system im-
plementation.
4.4.3 Run-Off-Road Detection
Timely detection of an ROR event is crucial for safe and successful recovery
of the vehicle. The detection scheme must not act too hastily so as to draw false
positives and potentially cause undesirable events. However, too long of a delay
and the vehicle could quickly enter a state in which safe recovery is unobtainable.
A few limitations and assumptions were required to create a definable and solvable
ROR detection problem. First, it was assumed that the vehicle is equipped with an
LDW system which provides auditory and/or visual warning to the driver when an
impending lane departure is detected. The situation where the driver is completely
unresponsive and drifts off the road without any steering or braking reaction was not
directly considered in this study. The LDW system could detect a lack of reaction
from the driver and initiate an automatic recovery system, however, returning an
unresponsive driver back onto the road could be even more dangerous so alternative
action beyond the scope of this dissertation would likely need to occur. Additionally,
the estimation algorithms described in Sections 4.2 and 4.3 only produce meaningful
data during non-zero steering inputs. Therefore, it was assumed that the driver is
unable to keep the vehicle in the proper lane and thus departs from the roadway,
only to over-correct the steering and attempt to return to the road in an uncontrolled
manner. For this reason, the ROR detection algorithm was designed to first receive a
signal from the LDW system indicating a lane departure, and then monitor the front
wheel steering angle and angular velocity to determine if the driver over-corrects the
steering. An investigation of steering data recorded from ROR events where drivers
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over-corrected in a driving simulator [119, 125] led to the establishment of threshold
values, δT = 0.05 rad and δ˙T = 0.1 rad/s for detecting overcorrection. These values
could be further tuned in the testing and calibration state if an actual ROR recovery
system is realized. Next, to avoid false positives, the system must check that it is
indeed in a split or low friction environment where the driver’s over-corrective actions
could potentially be very dangerous. To accomplish this, the system calculates the
friction coefficient at each wheel from the estimated tire forces discussed in Section
4.2.2 [121] according to
µy?• =
Fy?•
Fn?•
. (4.54)
A value, ∆µ is computed by taking the difference between the front left and right
friction coefficient difference and the rear left and right friction coefficient difference
as
∆µ = (µfl − µfr)− (µrl − µrr). (4.55)
∆µ allows the friction differences around the vehicle to be examined and when the
vehicle’s rear end begins to slip during the ROR event the value of ∆µ indicates the
frictional quality of the surface. Average values of ∆µ, during the period monitored,
which are below zero are indicative of a split or low friction surface environment.
Values above zero indicate a higher surface friction and a lack of need for ROR
recovery since the vehicle may still be on the paved surface. Figure 4.3 shows a
comparison of simulation data for ∆µ in a low friction environment versus a high
friction surface.
Once a lane departure warning is issued and overcorrection of the steering is
detected, the system monitors the ∆µ value for 500 ms before confirming an ROR
scenario has occurred. Otherwise the monitoring process begins again. The actual
parameter thresholds and time frames would most likely be calibrated to fit the
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Figure 4.3: Comparison of friction coefficient difference, ∆µ, values, during the ROR
detection process, for low, split, and high friction surfaces
specifications of the vehicle and equipment used in an actual ROR safety system. The
values chosen for this study simply represent reasonable approximations for proof of
concept in a simulation context.
4.5 Numerical Study
The two ROR control algorithms were implemented on a simulated vehicle
subject to various ROR events to compare the methods and investigate their indi-
vidual performance strengths and weaknesses. The study was designed to recreate as
realistic of an ROR scenario as possible and allow for conditions to be varied so that
a broad sample of the controllers’ performance could be examined.
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4.5.1 Simulation Conditions
The simulated environment was built using the vehicle dynamics software, Car-
Sim, by Mechanical Simulation [114]. CarSim handled most of the vehicle dynamics
computations, graphics rendering, and data recording, while Matlab’s Simulink was
used to augment the steering and braking system modeling and control. The vehicle
used in the simulations was similar to a Mercedes C-Class sedan and included front
and rear independent suspensions, anti-lock brake system (ABS), and standard road
tires. To accommodate the controller augmentation of the steering and braking, the
vehicle model simulation included a steer-by-wire system and brake-by-wire system as
described in [120]. This particular vehicle’s dynamics and behavior during simulated
ROR scenarios were validated in [103]. The mass and geometric properties of the
vehicle are listed in Table 4.2.
Table 4.2: Summary of vehicle parameters used in the simulation study
Parameter Value Units Parameter Value Units
Aw 1 m
2 m 1,653 kg
Iz 2,765 kg m
2 Rb 0.16 m
`f 1.4 m reff 0.359 m
`r 1.65 m µb 0.9 −
`w 1.55 m ρ 1 −
To test the versatility of the control algorithms, a variety of ROR roadway
conditions were constructed in CarSim and tested during the simulations. A rural
two-lane roadway was designed with four meter lane widths in each direction of travel
separated by a double yellow line and surrounded by a grassy shoulder. It has been
shown that the roadway edge or lip-height transition between the road and shoulder
can influence recovery performance during ROR [24]. Sometimes the vehicle’s tires
can scrub against the pavement edge preventing the vehicle from recovering back
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onto the road or creating a situation where the tires suddenly catch enough friction
to slingshot the vehicle across the road into oncoming traffic or off the other side
of the road. For this reason, a sample of lip-heights, hl, were chosen for evaluation
of the ROR controllers. First, a baseline was established with the condition of no
lip-height (i.e. hl = 0 cm). A nominal lip-hight was defined at hl = 2.5 cm which
can be commonly found on roadways, and lastly, a more extreme lip-height of hl =
5 cm was considered which represents the maximum drop-off permitted before road
maintenance is required in many areas [24]. A second roadway factor which can
greatly influence ROR recovery is surface friction. During ROR, driver’s experience
low or split-friction surfaces for which they are not familiar with. The instinctive
reaction to quickly over-steer back onto the road often results in a loss of control due
in part to the varying surface conditions [20]. These conditions are also a primary
concern during autonomous recovery as aggressive steering or braking control could
lead the vehicle to lose control. Three roadway surface conditions were considered
for this study. First, a nominal split-mu scenario was established with a road surface
friction coefficient of µr = 0.7, representing typical dry pavement, and a shoulder
friction coefficient of µs = 0.4 representing grass, gravel, or dirt. A more extreme split-
mu condition was also considered with a road surface friction coefficient of µr = 0.8
again representing a dry sticky roadway surface with a shoulder coefficient of µs = 0.25
typical of wet grass or possibly snow. Lastly, a low-friction condition was investigated
to simulate very wet or snowy conditions where both the road and the shoulder were
defined by a friction coefficient of µr = µs = 0.3. Finally, the control algorithms were
tested at three different speeds including x˙0 = 60 km/h (37 mph) corresponding to
low rural or neighborhood road speeds, x˙0 = 90 km/h (56 mph) representative of
high speed highway or rural roads, and lastly, x˙0 = 120 km/h (75 mph) to include
excessive speeding conditions where ROR crash risk is heightened [10].
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To test the ROR detection and control algorithms in an overcorrection sce-
nario, real experimental test data was used to supplement the driver steering com-
mands. In-vehicle ROR testing was conducted at the Michelin Laurens Proving
Ground (LPG) where a professional driver was instructed to depart from the track
into a 2-wheels-off scenario and exhibit an overcorrection steering technique (Figure
4.4) exhibited by many drivers during ROR [103]. The vehicle was instrumented
with a GPS enabled Controller Area Network (CAN) data recorder (VBox III 100
Hz) through which a variety of vehicle states including steering wheel commands were
recorded. The steering behavior recorded at LPG was submitted to the simulations
in this study to recreate a typical ROR overcorrection scenario for the controllers to
recover from.
Figure 4.4: Run-off-road experimental testing at Laurens Proving Grounds; driver
steering inputs during overcorrection were recorded and used in the simulation testing
4.5.2 Measurement Noise Considerations
The SL and LQ control algorithms also rely on signal measurements which
may be noisy, intermittent, or not available at all. Those signals which could not be
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directly measured, such as tire forces, lateral velocity, sideslip, and stiffness coefficients
were estimated according to the methods described in Sections 4.2 and 4.3. However,
the available signal measurements, which these estimation and control algorithms rely
on, may contain various levels of noise which could greatly effect the integrity of the
subsequent computations. To investigate this effect and ensure the extension of results
to reality, appropriate Gaussian White Noise levels were added to each of the sensor
measurements including longitudinal velocity, longitudinal and lateral accelerations,
and yaw rate. The yaw acceleration was computed using a filtered derivative of the
yaw rate. Additionally, both controllers required a measurement of lateral position
with reference to the lane center and the LQ controller also received the respective
yaw angle as input. It is anticipated that the ROR recovery system would work
in conjunction with the LDW system which typically includes front facing camera
technology. Therefore, it was assumed that relatively accurate lateral position and
yaw data would be available while the vehicle was in the lane with reasonable heading
for the camera system to operate. In the event that the vehicle is too far from the
center of the lane or at such a heading that vision-based detection is degraded, the
use of GPS was considered. When the vehicle was greater than 1.5 meters from the
center of the lane and/or when the heading exceeded 45 degrees GPS measurements
were used to supplement position and yaw measurements. The GPS measurement
specifications were based on equipment similar to that implemented in [111] with 10Hz
update rate for position through differential GPS and 5Hz update rate for heading
from a two antenna GPS system. The noise variance for each measurement signal is
shown in Table 4.3
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Table 4.3: Measurement data noise included in the simulation study
Measurement Noise Variance Units
Lateral Position (DGPS), Ymeas 4× 10−6 m
Lateral Acceleration, ay,meas 10
−6 m2/s
Longitudinal Acceleration, ax,meas 10
−6 m2/s
Longitudinal Velocity, x˙meas 10
−4 m/s
Yaw Angle (GPS), ψmeas 2× 10−2 deg
Yaw Rate, ψ˙meas 10
−6 rad/s
4.5.3 Performance Metrics
A variety of vehicle parameters and states were recorded during the simulation
study and were condensed into five main performance metrics. First, the lateral error
of the vehicle from the lane center was evaluated according to the maximum left
lateral error, el,max. Examining the left lateral error is important to determine if the
vehicle overshot into oncoming traffic or traveled off the other side of the road which
could present additional dangers or susceptibility to collision. Next, two parameters
were used to investigate the stability of the vehicle during recovery, Rβ and Rψ˙.
Large values for both the sideslip, β, and yaw rate, ψ˙, can be indicative of low
stability especially for a vehicle traveling at high speed as they describe the sliding and
rotational behavior of the vehicle. However, some level of each parameter is acceptable
depending on the amount of friction present at the time. Safe thresholds for both
sideslip and yaw rate can be defined according to the current friction coefficient, µ,
as
βT = tan
−1(0.02µg), ψ˙T =
µg
x˙
, (4.56)
where g is the acceleration due to gravity and x˙ is the vehicle’s longitudinal velocity
[104]. The controller’s recovery performance was evaluated against this threshold
by computing the ratio of the maximum sideslip and yaw rate observed during the
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recovery to the respective safe threshold according to
Rβ =
max(|β|)
βT
, Rψ˙ =
max(|ψ˙|)
ψ˙T
. (4.57)
It is important that the ROR recovery controller not only bring the vehicle back
onto the road safely but also as quickly as possible to remove the danger of collision
with roadside obstacles and other traffic on the roadway. Therefore, the time for
full recovery, trec, was calculated according to when the vehicle was positioned to
within 0.2 meters of the lane center with yaw less than two degrees and yaw rate
less than one degree per second. Finally, the steering commands were evaluated to
further understand the control approach taken by each controller. Both the maximum
steering wheel angle, θmax and the integral of the steering wheel angle,
∫
θ, over the
first four seconds of the recovery were used to evaluate the steering behavior. It is
important that steering commands be aggressive enough to get the vehicle back on
the road quickly without inducing conditions susceptible to loss of control.
4.6 Simulation Results
The sliding and linear quadratic control algorithms were evaluated for both
their overall performance, as well as robust capabilities. The study results are sep-
arated into two parts. First, an analysis amongst different combinations of vehicle
speed and roadway conditions. Second, the performance of the controllers was eval-
uated amongst the same simulation conditions but this time with uncertainty in the
vehicle mass property.
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4.6.1 Vehicle Speed and Roadway Condition Study
The ROR recovery controller algorithms were tested for all combinations of
speed, lip-height, and surface friction for a total of 27 different simulation conditions.
The LQ controller was able to successfully recover the vehicle back onto the roadway
in all 27 conditions whereas the SL controller was unsuccessful in two scenarios. The
first was at 60 km/h with a lip-height of 2.5 cm and surface friction µr = 0.8/µs = 0.25
where the rear right tire scrubbed the edge of the roadway forcing the vehicle back
into a 2-wheels-off position. The second unsuccessful scenario was at 90 km/h with a
lip-height of 5 cm and low surface friction µr = µs = 0.3. Here both the front and rear
tires scrubbed against the roadway edge so that the vehicle was not able to mount
the surface of the road and remained in a 2-wheels-off position. For consistency and
clarity the unsuccessful trial runs were not included in the results presentation.
Figure 4.5 shows the maximum left lateral error, el,max, which occurred during
the recovery. It is important to note that in this study with a vehicle track width of
about 1.6 meters and lane width of 4 meters, values for el,max in excess of about 1.2
meters indicate that the vehicle traveled into the oncoming lane. The LQ controller
overshot into oncoming traffic in almost every simulation. Although on average the
vehicle is only about half a meter into the other lane, in some cases it traveled up
to about a meter into oncoming traffic which could lead to a potential collision.
The average el,max values for the SL controller are well within the correct travel lane,
however, in a few of the higher speed simulations (90 km/h and 120 km/h) the vehicle
encroached on the oncoming lane to similar extents as the LQ controller.
One way to ensure that an ROR recovery is fast and without large overshoot
is to use aggressive control commands (steering and braking), however, the stability
of the vehicle and susceptibility to loss of control must be simultaneously considered.
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Figure 4.5: Average maximum left lateral error, el,max, amongst all roadway condi-
tions; bars denote maximum and minimum values
Figure 4.6 shows the sideslip ratio, Rβ, and the yaw rate ratio, Rψ˙, values induced
during the simulations. The LQ controller was able to keep the sideslip ratio below
one in every simulation condition and on average lower than the SL controller which
indicates a more stable recovery in terms of sliding and comfort for the passengers.
While the average sideslip ratio values are below one, in some cases, values greater
than one were observed and indicate dangerous susceptibility to a loss of control
situation. For the yaw rate ratio, the LQ controller causes values that are on average
greater than the SL controller and slightly over one. However, Figure 4.6b indicates
high maximum values for both controllers at 120 km/h. The SL controller has at
least one condition where the yaw rate is high enough to cause significant concern for
loss of control given surface friction conditions.
The time to recover, trec, is a crucial performance indicator for an ROR con-
troller as every moment spent beyond the center of the travel lane invites additional
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Figure 4.6: Average (a) sideslip ratio, Rβ, and (b) yaw rate ratio, Rψ˙, amongst all
roadway conditions; bars denote maximum and minimum values
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dangers and potential for a crash. Figure 4.7 shows that while the SL controller
minimum values indicate some of the quickest recovery times, it also induced the
longest recovery times at every speed. Despite the SL controller’s quick recovery (less
than 2 seconds) on a few trials, the LQ controller overall averaged faster recovery
times and remained consistent (three to six seconds) amongst all the conditions. The
SL controller’s variability in performance led to some trials where the recovery time
extended to unsatisfactory levels for ROR recovery
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Figure 4.7: Average time to recover, trec, amongst all roadway conditions; bars denote
maximum and minimum values
The control inputs computed by the SL and LQ controllers can be used to
provide further insight on the recovery performance. While the braking commands
play a crucial role in maintaining stability of the vehicle throughout the recovery, the
steering commands primarily dictate the directional control of the vehicle. Figure
4.8 provides two important perspectives on the steering commands implemented by
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Figure 4.8: Average (a) maximum steering wheel angle, θmax, and (b) integral of
steering wheel angle,
∫
θ, amongst all roadway conditions; bars denote maximum and
minimum values
97
the controllers. First, Figure 4.8a shows the average maximum steering wheel angle
used during the simulations. On average the SL controller is more aggressive with
steering commands indicated by maximum values far exceeding the LQ controller
especially for the 120 km/h scenario. However, the SL controller does again exhibit
large variability as its minimum value at 120 km/h is lower than the LQ controller.
Maximum steering wheel angle only provides a limited glimpse of the con-
trollers behavior thus the integral of the steering wheel angle over the first four seconds
of the recovery was calculated and summarized in Figure 4.8b. The figure indicates
that on average the SL controller used more aggressive steering inputs throughout
the recovery and not just instantaneously. The LQ controller values are far below
the SL especially the maximums, however, the average values do converge for the 120
km/h scenarios.
4.6.2 Vehicle Mass Uncertainty Study
To further examine the robust characteristics of the control algorithms, the
same 27 simulation conditions were run with a 20 percent increase in vehicle mass.
The preprogrammed vehicle mass was not changed in the controller algorithms to
observe the effect that mass uncertainty may have on the recovery performance. Out
of the 27 different simulations with the 20 percent mass increase, the SL controller
was unable to successfully recover the vehicle in five of the scenarios. In four out
of those five scenarios the SL controller over-corrected the steering which resulted in
the vehicle spinning out of control. In the fifth trial, the vehicle scrubbed against
the roadway edge and remained stuck in a 2-wheels-off scenario. The LQ controller
was unstable for one of the 27 scenarios with the 20 percent increase in mass. The
reason for the instability was that during the counter-steer maneuver the vehicle’s
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front right wheel caught the edge of the roadway and caused the vehicle to spin out
of control. Again, results for the unstable trial runs were not included in the results
presented. Figure 4.9 displays the average percent change in performance values for
the mass uncertainty simulations with respect to the original simulation results.
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Figure 4.9: Percent change in performance metric values for 20 percent mass un-
certainty simulations with respect to nominal mass simulations; values are averaged
amongst all roadway scenarios per vehicle speed
Figure 4.9 indicates that the two controllers responded rather differently to the
mass uncertainty conditions. The SL controller saw a significant increase in maximum
left lateral error values while the LQ controller actually decreased these values. The
LQ controller saw an increase in sideslip ratio and yaw rate ratio values for the 120
km/h scenarios yet at the same time significantly decreased the left lateral error
and time to recover. The SL controller’s performance was also negatively impacted
during the 120 km/h scenarios in terms of lateral error, sideslip ratio, and recovery
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time, possibly due to less aggressive steering commands as illustrated by the θmax
values in Figure 4.8a.
4.7 Discussion
The simulation results show some obvious differences between the approach
and performance of the two ROR recovery controllers. Both of these controllers have
previously been shown to offer a safer and more effective recovery than a human driver
who over-corrects the steering wheel [103]. Figure 4.10 compares the commanded
steering wheel angles and associated vehicle travel path for a human driver model
using steering data from the LPG experiments mentioned in Section 4.5 along with
the SL and LQ controllers. As the figure shows, the driver model initially over-corrects
the steering which causes the vehicle to overshoot into the oncoming lane where a
delayed counter-steer maneuver is again too aggressive and causes the vehicle to spin
out of control off the road. Both of the controllers examined in this study do a
good job of detecting the ROR event and the overcorrection and quickly suppress the
steering commands to take control of the vehicle. A major difference between the
controllers is observed in the next negative peak in the steering wheel data (Figure
4.10b) where the SL controller implements a more aggressive counter-steer maneuver
to keep the vehicle in the proper lane. The LQ controller uses a smaller counter-steer
input which necessitates some oscillation back and forth before settling into the lane.
The aggressive counter-steer maneuver exhibited by the SL controller seems to
be effective in some scenarios as evidenced by the low minimum values in the lateral
error, stability ratios, recovery time, and steering wheel integral. The technique also
explains the large values for steering commands and sideslip ratio observed in Figures
4.8 and 4.6a. However, the SL controller’s technique did not always lead to the most
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Figure 4.10: (b) Commanded steering wheel angles, θ, and (b) Resulting vehicle
lateral path, YCG, for driver model without controller (DM), sliding controller (SL),
and linear quadratic controller (LQ) for nominal roadway conditions (lip-height - 2.5
cm, surface friction - µr = 0.7 / µs = 0.4)
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favorable results. The sideslip ratio, yaw rate ratio, time to recover, and steering
wheel angle plots all show large maximum values, characteristic of a low stability
recovery. As stated, the controller gains were chosen through an iterative process
to provide the best overall performance amongst the conditions examined. For the
SL controller, the lower friction surface conditions and higher lip heights drastically
changed the performance of the controller, which failed to exhibit robustness against
variable road conditions.
The LQ controller is not the flawless alternative to the SL controller. The
LQ controller consistently exhibited more maximum left lateral error than the SL
controller, placing the passengers of the vehicle at risk of head on collision. It also
exhibited higher yaw rate ratios, with a few scenarios high enough above one to
cause some concern for loss of traction. However, the LQ controller’s strength is its
consistency. The LQ controller exhibited a strong robustness to the changing roadway
conditions with maximum and minimum values spanning a tight and reasonable range
amongst the varying roadway scenarios. The LQ controller induced low levels of
sideslip, reasonable times for recovery, and all with acceptable levels of steering.
The LQ controller’s performance was negatively influenced by the mass in-
crease in terms of sideslip and yaw rate ratios at 120 km/h. However, these increases
remained within about 30 percent and the vehicle was still recovered in a stable man-
ner. Additionally, some decrease in performance is expected for the higher speed
scenarios as the controller must counteract higher levels of inertia in the system.
Overall, the LQ controller’s performance was minimally altered (< 20%) for most of
the scenarios and parameters, again proving its robust nature. The SL controller,
however, saw some significant gains in left lateral error, sideslip, yaw rate, and time
to recover which ultimately could create higher susceptibility to a crash. In gen-
eral, the SL controller had a greater representation in the positive percentage area
102
of Figure 4.9 than the LQ controller, indicating its relative lack of robust perfor-
mance against varying roadway and vehicle conditions. The LQ controller constantly
provided acceptable recovery performance despite uncertain roadway conditions or
vehicle properties. Additionally, while unsuccessful recovery is undesirable in any
situation, four of the SL controller’s unstable recoveries during the mass uncertainty
trials were received more critically since it was the controller’s commands which in-
duced the loss of control. In the other three unstable SL recoveries and the one
unstable LQ recovery, uncontrollable roadway geometries (lip-heights) were a critical
factor in creating a scenario where the controller’s actions could not stabilize the ve-
hicle. Perhaps further development of the ROR recovery system could help to detect
and defer these types of situations.
The strong benefit of the LQ architecture is the cost function basis. All the
vehicle states and inputs are assessed together to compute the optimal steering and
braking commands based on the controller gains and weighting. The coupling be-
tween the steering control and braking control in the sliding controller is not as
strong. The potential field steering algorithm creates overly aggressive steering com-
mands sometimes and inadequate commands at other times. It is not well suited for
the varying conditions which can be experienced during ROR especially since some
of the control parameters must be updated depending on the vehicle speed. The LQ
approach works well for ROR recovery since the gains can be tuned for the specific
vehicle and then optimal control commands are computed on the fly for any roadway
conditions encountered. The LQ controller’s performance within the ROR context
was not limited by its reliance on a linearized vehicle model. It was also able to with-
stand reasonable levels of measurement noise associated with vehicle systems and
remained robust against vehicle mass uncertainty. It is recognized that the perfor-
mance achieved in this study will not exactly match that of a real implementation.
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Control and estimation gains must be calibrated according to the vehicle and system
hardware properties as well as tested and validated for a wide range of ROR condi-
tions. The LQ controller, however, has been shown in simulation to outperform the
nonlinear SL controller and other control techniques [120] while exhibiting safe, sta-
ble, and robust recovery response. The next stage of development involves hardware
selection and implementation of a prototype system on a test vehicle. Some of the
concerns with high lateral error and yaw rate can possibly be addressed at this level
along with gain tuning and calibration to demonstrate the full capabilities of such
a system. The realization of a commercial grade fully autonomous ROR recovery
system may still be far off, however, the results of this study indicate that LQ control
should provide a strong basis for getting there.
4.8 Conclusion
The sliding control and linear quadratic control algorithms examined in this
study each present unique strengths and weaknesses for autonomous recovery from
run-off-road scenarios. The sliding controller implemented some of the most successful
recoveries in terms of the performance parameters examined, especially for the nomi-
nal ROR conditions. However, it did not prove to be robust against varying roadway
or vehicle conditions leading to large variability in performance overall. The linear
quadratic controller exhibited a higher level of stability and consistency amongst the
trial conditions examined. Ultimately, it is the linear quadratic controller’s robust
performance which is most desirable for autonomous ROR recovery. Such a system
must provide proven, reliable, and consistent performance before realization on a
commercial scale. Hardware implementation of the ROR recovery system for further
research and development is required to validate the potential of the linear quadratic
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recovery system observed in this study. The level of autonomous systems in vehicles
is rising every year and these systems need to address critical safety hazards like
run-off-road so that lives can be saved and vehicle travel can be safer.
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Chapter 5
Evaluation of an Automotive
Simulator Based Driver Safety
Training Program for
Run-Off-Road and Recovery
5.1 Introduction
Run-off-road (ROR) is an extremely dangerous type of vehicle scenario which
plagues roadways and drivers all over the world. In the United States, ROR remains
a large contributor to the fatalities and injuries caused by motorized vehicle crashes,
accounting for 64.4 percent of all single-vehicle crashes [11]. ROR is a situation
where the vehicle leaves the paved portion of the roadway and travels on the surface
adjacent to the roadway. This surface is typically comprised of grass, gravel, or some
other low friction composition, creating a situation vulnerable to instability and high
crash potential. ROR cases are most often induced by driver performance factors,
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such as sleepiness, presence of alcohol use, or speeding [10], however, in some cases,
drivers may be forced into an ROR situation by the presence of an obstacle on the
roadway or some other circumstance outside of their control. In each of these cases,
the possibility that the ROR event ends in a crash is highly dependent on the driver’s
actions in the critical moments immediately after the vehicle has left the roadway.
The National Highway Traffic Safety Administration (NHTSA) reports that the most
frequently occurring critical reason for ROR crashes is driver performance errors.
Among these errors, overcompensation and poor directional control are cited as most
significant [11]. The overwhelming statistics on ROR not only demand solutions but
also emphasize that the issue of driver performance errors must be addressed.
The demand for solutions to ROR has not gone unanswered. The topic has
become highly investigated resulting in numerous publications offering a variety of
solutions for both reducing the severity of ROR events and avoiding them altogether.
Initially a number of solutions were presented, and many implemented, which involved
roadway infrastructure modifications. Among the most popular are rumble strips
placed near the edge of the travel lane [19] and shoulder treatments such as widening
and paving [26]. Some research has also been conducted on pavement surface friction
management and pavement edge drop-off, or lip height, both of which can negatively
influence a driver’s attempt to recover from an ROR event [20, 24]. Although many
roadway modifications have been shown to be effective means of reducing vehicle
accidents and crashes [126], they possess major limitations. First, not all roadways
can be retro-fitted with these modifications, and second they do not directly address
the issue of driver performance.
In 2007, NHTSA sought to further reduce single-vehicle crashes through the
regulation that all vehicles with a gross weight rating of 10,000 pounds or less be
equipped with electronic stability control (ESC) [37]. ESC can help avoid the occur-
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rence of ROR by strategically applying the brakes to maintain steering control in a
loss of traction situation. Most new vehicles now come standard with ESC, and some
manufacturers have taken a step further and implemented Lane Departure Warning
(LDW) and Prevention (LDP) systems. These systems monitor the roadway lane
and warn the driver when an unintentional departure from the lane is detected. In
LDP systems, small braking and/or steering is applied to keep the vehicle in the de-
sired lane. While ESC, LDW, and other similar driver assistance systems represent
a technological improvement over simple roadway infrastructure changes, they still
do not completely address the issue of driver performance. These systems can help
reduce vehicle departures from the roadway, however, in extreme departure cases or
once the vehicle has already left the roadway, the effect of such systems becomes
limited. Additionally, performance errors, such as steering overcorrection and heavy
braking, which drivers typically execute once their vehicle leaves the roadway, can-
not be controlled by driver assistance systems and can still lead to very dangerous
situations.
In order to directly and completely address the issue of driver performance er-
rors during ROR, the driver’s inputs must be improved or removed completely from
the recovery process. Black et al. [94] implemented classical control strategies to
provide steering corrections based on the driver’s intentions during an ROR recovery
scenario. The results demonstrate a 75 percent increase in reaction time available
to the driver during recovery. Two controllers based on sliding mode and state flow
methods were developed by Jensen et al. [103] to perform an autonomous recovery
from an ROR situation. Both controllers were demonstrated to successfully recover
the vehicle and outperform a standard driver model. While the results seem promis-
ing, autonomous vehicle technology to this extent is still premature in the automotive
industry. Until commercial implementation of autonomous vehicles becomes a com-
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mon reality, driver performance errors in crucial situations such as ROR must be
addressed through the use of driver training programs.
Over the past few decades, numerous research studies have been conducted to
evaluate driver education programs. These studies have led to a new focus beyond
the basic driving skills necessary to pass state-regulated examinations and into safe
driving practices [64, 71]. The limitation even with these new programs is that most
of the training and experience occurs under nominal operating conditions as extreme
conditions are difficult and dangerous to replicate. Thus, a simulator based ROR
training program was developed to supplement standard driver education programs
and inform drivers of the severity of ROR events. The following chapter provides
details in the development of the training program and results from a pilot study
used to evaluate its success. The remainder of the article is organized as follows:
Section 5.2 includes a description of the training program including the simulator
system. Section 5.3 provides a description of the pilot study structure and evaluation
methods followed by results from the pilot study in Section 5.4. Final conclusions are
discussed in Section 5.5. Appendices A, B, and C contain the questionnaires used in
the study, participant responses, and performance results, respectively.
5.2 Run-Off-Road And Recovery Training Program
Driver education programs have been under constant scrutiny and evaluation
for many years. Studies showing that driver education has minimal to no effect on
participant crash rates have led to many reevaluations of how programs are structured
and how course materials are presented [63]. In a 1994 report to Congress, NHTSA
recommended the implementation of a two-phased driver education program to coin-
cide with the growing trend of graduated licensing systems [67]. The first phase was
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intended to focus on basic vehicle handling skills and rules of the road while the sec-
ond phase would involve safe driving practices. Many researchers continue to support
multi-stage driver education and while implementation has not been as popular on
a government level, programs have been developed in the commercial sector [65, 72].
However, some studies have shown that advanced driver training programs can lead
to higher crash statistics among participating drivers. Katila et al. [61] suggests that
this was due to a poorly designed program which unintentionally encouraged over-
confidence in drivers. Katila further argues that the outcome of increased confidence
in one’s skill is dependent on how those skills are used and does not necessarily imply
less safety. In [69], Rosenbloom et al. further investigated this concept evaluating
risk perception before and after skid training. The study showed that participants
exhibited higher risk perception immediately following the training without much
reduction when evaluated two months later. Rosenbloom’s findings provide support
that there is potential for advanced driver education programs to have a positive
influence on participants.
Following the findings and suggestions of the previous studies, the present ROR
training program was designed with the expectation that participants would have at
least some minimal driving experience. The program ideally would be integrated
with an advanced driver education class, addressing other more complicated driving
scenarios, but the intended audience would not be limited to novice drivers.
5.2.1 Simulator Hardware and Software
In general, driver training programs, whether novice or advanced, have always
included both classroom-type instructional material and in-vehicle practice. The na-
ture of ROR, however, confines its existence to mostly crisis or emergency situations
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making it difficult to be recreated in a safe and controlled environment for in-vehicle
training. As an alternative, an immersive hardware-in-the-loop simulator environ-
ment, as shown in Figure 5.1, was used to closely replicate the conditions experienced
during an ROR situation.
Figure 5.1: Automotive simulator used for ROR training
The choice of simulator implementation for this study was largely influenced by
the intended use of the ROR training program in advanced driver education courses.
While a more complex simulator with multi-axis performance may have provided an
increased sense of realism, the cost of such a system prohibits replicated use in multiple
driver education courses. Therefore, the simulator selected for this study, targeted
influential sensory aspects of the ROR recovery process, such as visual, audio, and
steering feel, that could offer feedback and a sense of realism without a large cost
involved. The pilot study described in sections 5.3 and 5.4 is intended to help provide
insight into whether these aspects are sufficient for successful ROR recovery training.
The simulator used for ROR testing and training included the front half of a
Honda CR-V passenger cabin accompanied by a servo-motor actuator and controller,
computer hardware, and real-time software packages to not only simulate the driving
environment but also offer realistic steering system feel. The CR-V’s stock steering
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system was removed and replaced with a custom steering shaft fitted to a Kollmor-
gen AKM series servo motor. The motor was controlled by a Kollmorgen S300 servo
drive along with torque sensors and encoders to supply feedback steering information
from the CR-V to the computer software. All digital/analog conversions and hard-
ware/software interfacing was accomplished using a dSPACE 1103 processor board.
The custom servo motor steering system not only measured the driver’s steering in-
puts but also provided a feedback torque to simulate the feel of a real vehicle steering
system.
Visual feedback was delivered to the driver primarily through the use of three
projector screens providing a 120 degree view in front of the CR-V as shown in
Figure 5.1. The vehicle’s speed and engine RPM was also provided to the driver
through the dashboard instrument panel in the CR-V. The immersive environment
was completed with audio feedback of engine RPM and tire noises through the CR-V’s
speaker system.
Simulation of the vehicle dynamics and scene rendering were conducted by the
software package CarSim [114] integrated with vehicle and steering system models
supplied through Matlab/Simulink. The simulated steering system used in this study
was based on a hydraulic power steering model as discussed by Mills and Wagner
[127]. The differential equation governing the steering wheel’s angular motion, θsw,
was given by
θ¨sw =
1
Isw
[(Td + Tm)−Bsc(θ˙sw − θ˙sp)−Ksc(θsw − θsp)− Tfr,sc], (5.1)
where θsp is the valve spool angular displacement and the parameters Isw, Bsc, and Ksc
are the lumped steering wheel and column moment of inertia, damping, and stiffness,
respectively. The single and double dot notations above some of the variables denote
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the first and second time derivatives. Tfr,sc is the non-linear dry friction in the steering
column and Td is the torque input from the driver. Finally, Tm is the torque generated
by the AKM series servo motor.
The spool valve dynamics were modeled according to the dynamic equation
θ¨sp =
1
Isp
[−Bsc(θ˙sp − θ˙sw)−Ksc(θsp − θsw)−Ktθt], (5.2)
where Isp is the spool valve moment of inertia, and Kt and θt are the stiffness and
angular displacement of the torsion bar. The torsion bar is linked between the spool
valve and the steering rack according to the equation, θt = θsp − yrrp , where yr is
the rack displacement and rp is the nominal pinion gear radius. The steering rack
displacement is then described by
y¨r =
1
mr
[
Kt
rp
θt − Ffr,r −Bry˙r + 2KL(rLδF − yr) + Fboost]. (5.3)
The parameters mr and Br denote the mass and damping of the rack components
while KL and rL are the steering linkage stiffness and kingpin axis offset, respectively.
In addition, δF is the front wheel steer angle, Fboost represents the power assist force,
and Ffr,r is the rack and pinion steering gear friction.
The front wheel steering angle, δF , provides a link between the CarSim simula-
tion and the Matlab/Simulink steering system model. Before being passed to CarSim,
the steering angle is calculated as
δ¨F =
1
Iw
[−KL(δF − yr
rL
)− Tfr,kp −Bkpδ˙F − Tfb], (5.4)
where Iw and Bkp are the moment of inertia and damping of the front wheel assembly,
Tfr,kp is the non-linear kingpin friction torque, and Tfb is the feedback torque from
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the road-wheel interface.
The feedback torque was a crucial component as it provided the realistic feel of
the tires on the roadway that is usually translated up through the steering system to
the driver’s hands. This way, the study participants could feel important sensations
such as roadway lip-height and surface friction differences which greatly influence the
ROR recovery process [20]. The feedback torque was calculated as a sum of the tire
moments caused by the vertical forces, Mv, lateral forces, Ml, and aligning moments,
Ma, described by
Tfb = Mv +Ml +Ma, (5.5)
Mv = −(Fz,l + Fz,r)d sinλ sin δF + (Fz,l − Fz,r)d sin τ cos δF , (5.6)
Ml = (Fy,l + Fy,r)rw tan τ, (5.7)
Ma = (Mz,l +Mz,r) cos
√
λ2 + τ 2, (5.8)
where d, rw, λ, and τ represent the lateral offset of the steering axis, wheel radius,
kingpin inclination angle, and kingpin caster angle, respectively. The vertical and
lateral forces on the left and right tires, Fz,l, Fz,r, Fy,l, and Fy,r along with the left
and right tire moments Mz,l and Mz,r were calculated by CarSim and passed to the
steering model.
5.2.2 Training Program
The significance and severity of ROR has led a number of recognized organiza-
tions including AAA [115], Pearson Education (Drive Right) [106], and The Roadway
Safety Foundation [128] to release brochures and manuals with specific instructions
for handling ROR conditions. To ensure that the ROR training program in this par-
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ticular study presented the safest recognized material, these manuals were evaluated,
compared, and combined to construct a general set of instructions for handling an
ROR situation. This information was then communicated to the participants through
a custom video program while they were seated in the simulator.
The video began with a few statistics on the dangers of ROR to educate the
participants and motivate the training. Next, instructions were provided on how to
safely react during the initial onset of an ROR situation. Studies show that drivers
typically overreact and panic, leading to heavy braking, overcorrection in steering,
and attempts to return to the road too quickly. This is a dangerous scenario as it
often leads to a collision with same direction traffic, on-coming traffic, or a crash
with obstacles on the opposite side of the road. As a result, the video instructed
the participants to remain calm and not overreact to return to the road. Braking
or accelerating was also discouraged as the shoulder may exhibit unstable conditions
due to split or low-friction surfaces. Instead of trying to immediately steer the vehicle
back on the roadway, drivers were instructed to maintain a firm grip on the steering
wheel and steer parallel to the roadway while refraining from using the accelerator or
brake pedals.
Successful reaction to the initial occurrence of an ROR event leads to a crit-
ical decision point. The video instructed the participants that the safest method of
recovery is to allow the vehicle to coast to a stop, a safe distance from the roadway,
and call for help. Unfortunately, conditions near the edge of the roadway, such as
obstacles, may eliminate stopping the vehicle as a viable option. If it is necessary to
return the vehicle to the road quickly or if the driver has brought the vehicle to a stop
but is prepared to begin driving again, the video offered details on how to execute this
maneuver as safely as possible. First, participants were instructed to make a complete
visual check of traffic and any obstacles in the vehicle’s travel path. In the case where
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only two of the vehicle’s wheels are off the roadway, the vehicle should be positioned
so that it straddles the road edge. When all four wheels are off the road, the vehicle
should be positioned such that the left wheels are 12-18 inches from the road edge.
Before explaining how to steer back onto the road, the video informed drivers that
they should also take note of the surface conditions and lip-height. A large lip-height
can make it very difficult to return to the roadway as the tires may scrape against
the edge and resist the driver’s steering attempts. Unsuspecting drivers tend to over
steer when this resistance is encountered, causing the vehicle to “slingshot” across
the roadway when the tires finally mount the surface [20]. With this in mind, the
video explained that the safest conditions to recover are when the vehicle is traveling
below 25 mph, the lip-height is less than 2 inches, and there is a significant gap in
traffic.
The final step in the recovery process involves a fast steer and counter-steer
maneuver as illustrated in Figure 5.2. First, the participants were instructed to turn
the steering wheel approximately 90 degrees in the left direction. Once both front
wheels are on the paved surface, a quick counter-steer maneuver should be executed by
turning the steering wheel about 90 degrees from neutral in the right direction. This
two-step process is necessary to avoid getting the tires caught on the roadway edge
and to keep the vehicle in the intended lane. Lastly, participants were encouraged to
continue avoiding the accelerator and brakes until full control in the correct lane has
been established. From this point, regular steering commands can be implemented
and the accelerator can be used to match the flow of traffic.
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Figure 5.2: Images from the ROR training video instructing drivers on how to ma-
neuver the vehicle back to the road
5.3 Pilot Study Test Methodology
A pilot study was designed and implemented to evaluate the effectiveness of
the developed ROR training video, and whether participants could improve their
ROR recovery skills in a simulator based learning environment. While many factors
influence ROR events, this study focused on the general straight road ROR case to
simply address these two criteria. The subsequent pilot study design and evaluation
methods are presented in the following sections.
117
5.3.1 Design
In the United States, most ROR scenarios begin with the vehicle exiting the
roadway to the right. As a result, the simulation environment for the pilot study was
designed to focus on ROR departures on the right side of the road only. The roadway
was created in CarSim as a two lane oval track with long straight sections as shown
in Figure 5.3. Cones were placed along the centerline of the track to keep drivers in
the correct lane and additional cones directed them off the road at specific points as
shown in Figure 5.4. Unequal friction coefficients were added to the roadway surface
and shoulder to replicate the dangers of a split-mu surface. The coefficient for the
roadway surface was set to µr = 0.9, typical for dry pavement, and the shoulder was
set to µs = 0.25, a value close to that found on grass and loose gravel. Lastly, the
roadway surface was raised slightly above the shoulder creating a lip-height of 0.1
meters.
Figure 5.3: ROR test track created in CarSim for the study
The vehicle used in the simulation was a Honda Odyssey minivan with front-
wheel drive, standard anti-lock brake system, and independent front and rear sus-
pension. The geometry of the minivan along with mass and inertial properties are
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Figure 5.4: Road geometry for the straight sections of the CarSim track. The red
triangles denote cone placement. Note: Image is not portrayed to scale.
displayed in Table 5.1.
The pilot study structure, as shown in Figure 5.5, began with an introductory
video including a brief definition of the term “run-off-road” and some visual examples
(Video 1) to familiarize the participant with the theme of the study. Next, the
subject received a pre-test questionnaire which collected demographic information
and evaluated knowledge and experience with ROR prior to participation in the study.
Once the questionnaire was completed, the subject’s present skills in recovering from
an ROR event were evaluated. The subject was instructed to follow the cones off
the track at about 40 mph (65 km/h) into an ROR situation and was given a single
opportunity to safely recover the vehicle back into the correct lane of the roadway.
Following the preliminary evaluation, the training program (Video 2), de-
scribed in Section 5.2.2, was viewed by the participant on the simulator screens.
When the video finished, the subject was permitted to practice the instructed ma-
neuvers on the evaluation track. No limitations were placed on the practice time and
the participants simply notified the coordinator when they felt comfortable with the
recovery process. A third video was then presented to explain the final evaluation
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Table 5.1: Physical properties of the Honda Odyssey used in the CarSim simulation
Symbol Description Value Units
h Height Sprung Mass 1.500 m
Ixx Roll Inertia 729.7 kg m
2
Iyy Pitch Inertia 3916.5 kg m
2
Izz Yaw Inertia 4029.5 kg m
2
Ixy Product of Inertia 0 kg m
2
Ixz Product of Inertia 181.5 kg m
2
Iyz Product of Inertia 0 kg m
2
`f Mass Center to Front Wheel 1.3559 m
`r Mass Center to Rear Wheel 1.6464 m
`w Wheel Base 1.6916 m
m Sprung Mass 1788.8 kg
wt Tire Width 0.205 m
tests. For Test 2, the subjects were instructed to drive off the road at the cones at
60 mph (97 km/h) and recover the vehicle in a safe and controlled manner. The
same procedure was then executed again only this time at 40 mph (65 km/h) for
Test 3. Lastly, each participant filled out a post-test questionnaire to evaluate their
understanding of ROR following the training program.
Figure 5.5: ROR pilot study activity flow chart
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5.3.2 Evaluation
The results obtained from the pilot study included the subjects’ answers to
the two questionnaires and vehicle data obtained from the simulator software during
the three tests. CarSim provided a variety of vehicle states and parameters including
positions, velocities, accelerations, angular velocities, slip angle, and tire forces. The
steering wheel angle was also obtained directly from the dSPACE software. A scor-
ing system was developed to systematically combine the results from the study into
scoring metrics and provide overall scores to each participant. The scores for each
test, Si, were calculated as
Si =
10∑
j=1
aijK¯ij (5.9)
where i is the test number (i = 1, 2, 3), j is the evaluation factor (j = 1, 2, ..., 10), aij
represents the weighting parameter, and K¯ij is the respective evaluation factor score.
The various assessment factors are located in Table C.3.
The ten evaluation factors were chosen based on the particular results obtained
from the study which offered insight into the driver’s understanding and execution
of the ROR recovery process. The first two evaluation factors, Q1 and Q2, were the
responses from two questions in the provided questionnaires. The first question (j =
1) was a multiple choice question inquiring how the vehicle should be controlled once
an ROR situation has occurred. From the available answers including “applying the
brakes”, “maintaining velocity while steering back onto the road”, and “applying the
throttle”, the correct answer (B) was to “steer straight and slow down by coasting”.
This question evaluated whether the participant understood the safest way to initially
react to ROR. The second question (j = 2) asked what factors should be considered
prior to recovery from ROR. This question was also multiple choice but the participant
was instructed to mark all the correct answers of which there were three. The correct
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answers (A,B,D) were “traffic speed limits”, “barriers or oncoming traffic”, and “hand
placement on the steering wheel” respectively, while the incorrect answer (C) was
“vehicle height”. This question checked the participants’ knowledge on some of the
factors which can make ROR recovery very dangerous if not accounted for properly.
Following the questionnaire responses, the participant’s vehicle velocity while
attempting to recover, uR, was evaluated (j = 3). During the video training program,
it was recommended that a safe speed to recover the vehicle is below 25 mph (40
km/h). The subjects were awarded the full amount of points for speeds in this range
and were incrementally penalized the further their velocity deviated from this range.
The next two evaluation factors were the maximum left (θL) and maximum
right (θR) steering wheel angle used during recovery (j = 4 and j = 5, respectively).
The motivation for these factors is that the steering is the primary means of control-
ling the vehicle during recovery and steering angles used can greatly influence how
safe or dangerous the situation becomes. The video training program explained to the
participants that a safe steering maneuver during recovery is to turn the wheel 90 de-
grees to the left and then 90 degrees to the right to counter steer. Those subjects who
implemented the suggested steering angles within plus or minus 25 degrees received a
full score as shown in Table C.3. Less points were awarded for smaller steering angles
as this creates a shallow angle of approach and a greater chance of scrubbing the tires
on the roadway edge. Steering wheel angles above the recommended range were also
penalized because of the dangers of overcorrection.
The slip angle, β, and yaw rate, ψ˙, were two vehicle states computed by Carsim
which are often used to characterize the stability of a vehicle. These two parameters
are useful because they influence the amount of traction available between the tires
and road. Slip angles and yaw rates above specific thresholds characterize a loss of
traction and thus a loss of control of the vehicle. Therefore, the next two evaluation
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factors were established as Rβ, the ratio of the slip angle to the safe threshold (j = 6),
and Rψ˙, the ratio of the yaw rate to the safe threshold (j = 7). The safe thresholds for
these two parameters were defined according to [104] as βThreshold = tan
−1 (0.02µg)
and ψ˙Threshold =
µg
u
where µ is the tire-road friction coefficient, g is gravity, and u is
the longitudinal velocity of the vehicle. Full scoring was awarded for ratios below 85
percent with fewer points awarded for ratios closer to and exceeding 100 percent.
One very important evaluation factor, for this study, was the lateral displace-
ment (j = 8). The maximum lateral displacement, ymax, provides a clear indication
of whether the participant was able to recover the vehicle back into the proper lane
without crossing any of the cones in the simulation. The full number of points were
awarded if -3.15 m < ymax < -0.85 m as these values corresponded to the vehicle’s
placement in the correct lane (see Figure 5.4). Positions greater than -0.85 m indi-
cated that the vehicle traveled into the oncoming lane creating what would be a very
dangerous situation and were awarded no points. Maximum lateral displacements
below -3.15 m indicated that the vehicle was never recovered back onto the roadway
or got stuck in a two-wheels-off position. This condition is also dangerous and was not
awarded any points given the high potential for collision with obstacles and unstable
surfaces on the side of the road.
The ninth evaluation factor (j = 9) was a simple assessment of whether the
participant scrubbed the tires of the vehicle against the roadway edge during recovery.
Scrubbing the tires is a common and dangerous mistake during recovery, often leading
to the “slingshot” effect discussed previously. Scrubbing can also completely prevent
the vehicle from being able to mount the surface and return to the road so no points
were awarded if this condition occurred.
The last evaluation factor (j = 10) was whether or not the participant was
able to recover the vehicle back into the proper lane by the end of the roadway space
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provided. A full score was awarded if the vehicle data showed controlled motion in
the right lane no matter how safe the recovery maneuver.
To separately evaluate the effectiveness of the training video and whether the
subjects’ skills improved, the results were distinguished according to two categories.
The first category, “Training” factors, included results which directly demonstrated
the effectiveness of the training program. During training, the subjects were pro-
vided with specific instructions on how to control and recover a vehicle back onto
the roadway including proper steering angles and speed. Thus results which matched
the “Training” category were the responses from the questionnaires, the longitudinal
velocity and the maximum left and right steering wheel angle. The second cate-
gory, “Safety” factors, included vehicle parameters and simulation occurrences which
characterized the safeness of the recovery maneuver. The results which matched
this category were the slip angle and yaw rate ratios, the lateral displacement, tire
scrubbing, and whether the vehicle recovered.
Finally, the overall improvement of each participant was of interest in analyzing
the effects and success of the ROR training program. To quantify improvement, each
participant received a performance score based on the following formula.
SIMP =
1
2
(S2 + S3)− S1 (5.10)
5.4 Pilot Study Test Results
Seventeen subjects participated in the pilot study, to evaluate the developed
ROR training program. The demographics information on the participants can be
found in Table B.1. While a majority of the subjects were males from the age group
of 18-28, there was some variability in driving experience, personal driving ability
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rating, and experience with ROR scenarios. This demographic representation was
sufficient for evaluation of the crucial factors in this preliminary study.
The individual scores for each participant have been included in Table C.4.
An initial scan of the results shows that the average improvement score was 35 which
indicates that the subjects did perform the recovery better after receiving the training.
A closer look at the results provides insight into the specific areas of the scoring rubric
which contributed most to the average improvement.
Table 5.2 shows the average scores for each test separated into Training and
Safety categories. The training category scores showed an average improvement from
S1 of 25.5 to S2 (34.7) and S3 (36.9) of 40.4 percent. This is a direct indicator that
the training video successfully conveyed the recovery techniques and the participants
were able to implement what they learned. Of the training category scores, the
largest average improvement was observed in the questionnaire response Q1 and the
return velocity uR. This was a positive result given that most drivers do not properly
control the vehicle once an ROR situation begins and often try to immediately return
to the road at high speeds. The fact that the pilot study participants increased their
scores the most for these evaluation factors shows the training program’s potential
for producing drivers which can more safely handle an ROR situation.
The success of the training program filtered down into the safety category
factors which increased an average of 128.8 percent from S1 at 19.1 to S2 and S3
at 40.5 and 46.9 as shown in Table 5.2. A majority of the participants received
full scores or very close to full scores in this category following the training. The
tire scrubbing evaluation factor had the largest average improvement as many of the
subjects scrubbed the tires in the first test while very few did in Tests 2 and 3. This
is a significant result given the danger tire scrub contributes to ROR recovery and it
positively influenced some of the other evaluation factors. The avoidance of tire scrub
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allowed the subjects to mount the road surface with much more control thus lateral
displacements remained within safe values and the yaw rates decreased because of
the lack of the “slingshot” effect. In Test 2, all but three subjects fully recovered
the vehicle in the space provided and by Test 3, all seventeen subjects were able to
recover safely.
Table 5.2: Pilot study results
Average Scores for Test 1-3
Category S1 S2 S3
Training 25.5 34.7 36.9
Safety 19.1 40.5 46.9
Total 44.6 75.2 83.8
The scoring results from the pilot study did not reveal any statistically sig-
nificant correlations with the demographic information collected. However, while the
average improvement score was an encouraging µIMP = 35 points, the standard devi-
ation for the set was about σIMP = 23.1 points. The scores in Table C.4 span a large
range which even includes two participants with negative improvement scores, indi-
cating that they performed worse on Tests 2 and 3 than Test 1. Clearly, the training
influenced each participant in varying amounts and the results do not immediately
reflect the specific factors which promote or inhibit improvement. Additionally, the
small sample of subjects evaluated in the study is a crucial limiting factor to the
confidence levels of the results obtained. The pilot study offers a limited glimpse at
the capabilities of the designed ROR training program; however, a full study with a
larger sample size is necessary to obtain results and conclusions with more statistical
merit.
The training program may also not be the only cause for improvement in
the participants’ scores. Although the simulator is convenient for recreating what
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would be a dangerous situation in a safe and controlled environment, it can influence
drivers differently than the operation of a real vehicle. A number of measures were
taken to ensure the simulator provided as much realism as possible, but no matter
how advanced, a simulation will never completely match the real experience. The
influence of each participant’s comfort with the simulator must be considered. Just
as it takes time to get used to the feel of driving a new car, the subjects in the
simulator slowly feel more comfortable handling the simulator as they drive more.
For some of the participants, their scores may be inflated simply by the fact that
as they drove more they got more used to the feel and not necessarily more skillful
at ROR recovery. For other participants the differences of the simulator from their
normal driving experience may be so difficult to get used to that their scores were
falsely reduced simply because of the difference in feel.
Another interesting observation is the increased average score for S3 over S2.
The only difference between these two tests was the speed at which the subjects were
instructed to leave the roadway. In the second test, drivers entered the shoulder at 60
mph (97 km/h) while the third test was slower at 40 mph (65 km/h). The results seem
to suggest that, as expected, the subjects struggled more with the recovery process
when they left the roadway at higher speeds. While there is probably truth in this
concept, it may be biased due to the fact that the participants always completed Test
2 before Test 3. The subjects’ growing comfort with the simulator or extra chance to
practice on the 60 mph (97 km/h) test may have inflated the scores for the 40 mph
(65 km/h) test.
As stated in Section 5.3, the goals of this pilot study were to evaluate the
effectiveness of the developed ROR training video and assess whether participants
could improve their ROR recovery skills in a simulator based learning environment.
The improvement in scores for the training category evaluation factors supports the
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conclusion that the ROR training video successfully conveyed critical information
about ROR recovery in a way that viewers could learn from and implement practically.
The increase in average scores for the safety category factors and overall suggests that
there is certainly potential for a simulator based learning environment to help educate
and train drivers for ROR. This pilot study supports the idea that much more could
be learned from a larger, more complete study on ROR driver training. First, a full-
scale study with a larger sample size may provide more variability and statistically
significant correlations within participant demographic information. This additional
information could be used to improve the ROR training videos and tailor them to
specific audiences if necessary. Ideally, a full-scale study would also include multiple
ROR scenarios. The pilot study briefly investigated speed as a factor in ROR but
additional scenarios such as different road geometries, lip heights, surface frictions,
vehicle characteristics, and warning systems, may also lead to information which could
help improve the training videos and program. Randomization in the implementation
of these tests in the full-scale study would help avoid the run-order effects found in
this pilot study. Additionally, a proving ground type environment can be created for
subjects to gain a feel for the simulator before participating in the study. This action
should help to minimize the comfort effects possibly seen in the pilot study.
5.5 Conclusion
A fundamental gap continues to exist in the list of available technology so-
lutions to run-off-road. To fill this gap, methods must be developed which directly
address driver performance errors. Autonomous vehicle control, in theory, provides
a comprehensive answer; however, too many lives are lost every day in ROR crashes
to wait for such solutions to occur. In the meantime, advanced driver training of-
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fers an excellent means of preparing drivers and improving their driving performance
should they experience ROR. The conducted pilot study shows that the methods
implemented in this specific training program can positively influence driver’s skills
under the safe environment of an automotive simulator. This sets the stage for a
more comprehensive investigation into other factors which influence ROR and the
best methods to train and educate drivers so that vehicle travel can become a much
safer means of transportation.
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Chapter 6
Validation of a Fixed-Based
Automotive Simulator for
Run-Off-Road Safety and Recovery
Training
6.1 Introduction
Traffic safety has been a major public and social issue in the U.S. and across
the world since the earliest recorded vehicle accidents over a hundred years ago. Over
the years, much progress has been made to reduce the motor vehicle fatality rate in
the United States through driver education, roadway modifications, and vehicle safety
systems research. However, while the fatality rates for motor vehicles have decreased
over the recent decades, the total number of fatalities, which occur annually, continues
to remain at unsettling levels [3]. Amongst the tens of thousands of people killed on
roadways each year in the U.S., almost 60 percent are involved in a crash where their
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vehicle has left the travel lane and departed from the roadway [129]. This scenario is
known as run-off-road (ROR) and over the past decade it has continued to account
for more and more traffic fatalities especially in single-vehicle crashes which totaled
over 73 percent in 2007 [10].
Vehicles can leave the roadway and enter an ROR scenario for a number of
different reasons. Some of the most frequently occurring reasons for single-vehicle
ROR crashes are excessive speed for conditions, driver inattention, vehicle failure,
and poor roadway conditions [11]. Many currently implemented attempts to combat
these critical factors to ROR have focused on roadway modifications. Treatments
such as shoulder widening, rumble strips, guardrails, surface friction control, and
roadway edge drop-off maintenance have been extensively researched and proven to
help reduce the occurrence or severity of ROR crashes [17, 20, 22, 24, 130]. While
beneficial and useful, many of these roadway treatments are only able to influence
a small percentage of ROR crashes and provide minimal results overall. In [11], it
was found that over 95 percent of critical reasons for single-vehicle ROR crashes are
driver related. Roadway modifications represent a passive solution to ROR that does
not directly influence driver behavior and thus limits overall success. Additionally,
not all roads can be retro-fitted with such modifications, creating a need for better
solutions.
In addition to roadway modifications, researchers and automotive manufac-
turers have developed a variety of on-board vehicle safety systems. Some of the most
popular and emerging technologies include electronic stability control (ESC), lane
departure warning (LDW), and lane keeping assist (LKA). Each of these systems has
been proven to help reduce the occurrence of ROR crashes within particular scenarios
[36, 40, 43, 49]. While these safety systems can offer better reductions in single-vehicle
ROR crashes than roadway modifications, they suffer from similar limitations. Each
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of these systems performs well when the driver behaves within nominal limits but
for more extreme departure cases and poor performance by the driver, the effect of
these systems is reduced. In the end, the driver still maintains primary control over
the vehicle allowing the most prominent issue in ROR to continue influencing the
outcome.
In an attempt to more directly address driver performance during ROR, a few
ROR recovery specific controllers have been proposed in [93, 94, 95, 120]. These sys-
tems appear in both assistance form, where the driver and controller work together,
and autonomous form, where the controller takes primary control during recovery.
The driver assistance systems focus on driver intentions and common mistakes, such
as overcorrection, to help improve reaction times and vehicle heading and stability.
Just like the other safety systems mentioned, they rely on driver behavior within
certain performance levels which are not guaranteed to occur, thus leaving a sub-
set of ROR crash scenarios untreated. Autonomous ROR recovery systems offer the
most complete solution to ROR as they directly address and eliminate driver perfor-
mance errors. Promising results for such technology have been demonstrated in [120],
however, implementation of such systems at the commercial level remains premature.
A solution which addresses the driver’s performance and could be implemented
immediately is driver education. Most drivers are unprepared and caught off guard
when their vehicle runs off the road for the first time. This causes many drivers to
act instinctively, braking heavily or over-correcting their steering, leading to a loss of
control or rollover. In [100], a simulator based driver education program on ROR was
developed with promising results from a pilot study showing improvement in partic-
ipant’s ROR performance scores after viewing a training video on safe recovery from
ROR. The pilot study revealed that the training video, coupled with the particular
simulator system used in the study, held the potential for development of an effective
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ROR recovery training program. However, further research is necessary to refine and
validate the methods used so as to obtain successful results and not fall subject to
the commons failures of other driver training programs such as limited evaluation
research, unintentional overemphasis of particular skills, or overconfidence leading to
underestimation of risk [55, 131].
This chapter outlines a validation study conducted for a fixed-base simulator
within the context of ROR safety and recovery training. While other simulators and
studies have been previously implemented to investigate roadway departures, these
have primarily focused on pre-event factors such as drowsiness or roadway geome-
try within the context of driver warning system development. Given the previously
discussed limitations of these systems, this study seeks to better understand driver
behavior during the recovery process for the purpose of enhancing driver education
and training. Therefore, human-subject testing was conducted to observe driver be-
havior during a simulated ROR event. The data collected was used to validate the
capability of the simulator for ROR training and gain insight into those factors which
substantially influence ROR recovery and use this information to better refine the
video training program developed in [100]. Section 6.2 provides details on the simu-
lator system and vehicle modeling followed by Section 6.3 explaining the experiment
design and implementation. Section 6.4 contains results and statistical analysis which
are analyzed and discussed in Section 6.5. Section 6.6 offers concluding remarks and
Appendices D and E contain the questionnaires used in the experimental study and
associated participant responses.
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6.2 Simulator Based Testing
Given the dangerous nature of ROR and the unpredictability of an occurrence,
it is difficult to provide real in-vehicle training as well as acquire driver behavior and
vehicle data during an ROR event. A simulator based environment offers a safer
alternative with the ability to gather a complete data set of information surrounding
the ROR scenario. Simulator based testing has become increasingly popular in the
automotive industry in recent years along with its great success in aerospace and
railroad applications. A search on the ISI bibliometric database reveals that between
the years 1965 and 1999 only 124 papers (3.7 per year) include the words “driving
simulator” in the title, abstract, or topic. Comparatively, there are 572 papers (63.5
per year) that show up between 2000 and 2009 [74]. As the overall cost of building a
simulator continues to decrease and availability becomes more widespread, many re-
searchers have spent countless hours analyzing various types of simulators to validate
and ensure results are extendable to real life conclusions. Kaptein et al. [77] investi-
gated the validity of a mid-level fixed-base driving simulator noting that behavioral
variables such as driving speed choice and lane-keeping performance were relatively
valid giving conditional merit to related studies while absolute validity was found for
strategic route choice as drivers made similar route decision in the simulator as in
real traffic. Norfleet et al. [84] studied three different driving simulators including a
desktop interface, fixed-base in-vehicle cabin, and motion-base in-vehicle cabin with
haptic steering. Each simulator’s hardware, software, and application was rated and
evaluated within the context of research, education, and entertainment. Underwood
et al. [79] conducted an experiment on hazard perception by drivers in a real vehi-
cle, while watching a film clip from a real vehicle driving through traffic, and while
driving through a simulated city in a fully instrumented fixed-base simulator. The
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results showed increased scanning and earlier eye fixation on hazardous objects by
experienced drivers over novice drivers in all three cases encouraging the use of sim-
ulators for driver training and testing. Sahami and Sayed [91] investigated the driver
adaptation and the effect of practice scenarios on simulator research. Their results
show adaptation to be task-independent but they recommend that practice scenarios
should include use of all control inputs (repetitively if possible) and include changing
aspects rather than static type tasks.
Although advanced driving simulators featuring motion-base systems and com-
plex immersive feedback characteristics, tend to more closely replicate a realistic driv-
ing experience, the previously mentioned publications indicate that valuable informa-
tion can still be obtained and communicated through lower level driving simulators.
In any case, complex or not, the results obtained from a driving simulator must be
carefully analyzed within the context they are obtained to avoid inappropriate exten-
sion of conclusions to real life. With this in mind, the overall goal of this research is
to use the information obtained to construct a simulator based training program for
run-off-road as described in [100]. Consequently, the simulator system used in this
research prioritized feedback aspects influential to the ROR recovery process such
as visual, audio, and steering feel. It was also desired that the end product be cost
effective and mobile for use in a driver safety training course. Therefore a fixed-base
simulator platform with steering feedback was used so that research results and the
developed training program could be easily migrated to a portable low cost system.
6.2.1 Simulator Description
In addition to being fixed-base, the simulator used in this study included throt-
tle and brake control along with a steering control system offering haptic feedback
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for realistic steering feel. The simulator featured an immersive environment with the
front half of a Honda CR-V cabin facing three projector screens for 120 degree visual
feedback as seen in Figure 6.1. Vehicle speed and engine RPM were displayed for the
driver on the CR-V instrument panel along with audio feedback through the speakers
in the cabin. The vehicle dynamics and scene rendering were handled by the software
package CarSim [114] which linked to Matlab/Simulink for additional vehicle and
steering system models.
Figure 6.1: Automotive simulator used in the run-off-road study
The sensation of realistic tire-road interaction forces and steering torque feel
was accomplished through the simulation of a hydraulic power steering system. The
CR-V’s stock steering system was removed and a custom steering column was coupled
to a Kollmorgen AKM series servo motor controlled by a Kollmorgen S300 series
servo drive. A dSPACE 1103 processor board was used to handle all digital/analog
conversions including the output of motor commands and the retrieval of torque
sensor and encoder feedback information. The steering subsystem was developed and
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validated both subjectively and objectively, as shown in [132, 133, 134, 135], to provide
a realistic steering stiffness feel’ and haptic feedback experience. The hydraulic power
steering model was based on equations developed in [127] and is illustrated in Figure
6.2. The dynamic equation for the steering wheel angular motion, θsw, was
θ¨sw =
1
Isw
[(Td + Tm)−Bsc(θ˙sw − θ˙sp)−Ksc(θsw − θsp)− Tfr,sc], (6.1)
where θsp is the valve spool angular displacement and the parameters Isw, Bsc, and
Ksc are the lumped steering wheel and column moment of inertia, damping, and
stiffness, respectively. Td is the torque input on the steering wheel from the driver,
Tm is the torque applied to the steering column by the servo motor, and Tfr,sc is the
non-linear dry friction in the steering column. The single and double dot notations
above variables are used to denote the first and second time derivatives.
The spool valve dynamics were described according to
θ˙sp = θ˙sw +
1
Bsc
[−Ksc(θsp − θsw)−Ktθt], (6.2)
where Kt and θt are the stiffness and angular displacement of the torsion bar which
links the spool valve to the steering rack. The coupling can be described by, θt =
θsp − yrrp , where yr is the rack displacement and rp is the nominal pinion gear radius.
The steering rack motion is described according to
y¨r =
1
mr
[
Kt
rp
θt − Ffr,r −Bry˙r + 2KL
rL
(δF − yr
rL
) + Fboost]. (6.3)
The parameters mr and Br denote the mass and damping of the rack components
while KL and rL are the steering linkage stiffness and kingpin axis offset, respectively.
Fboost is the power assist force and Ffr,r represents the rack and pinion steering gear
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(a)
(b)
Figure 6.2: (a) Conventional steering sub-system used for simulator steering model,
(b) steer-by-wire system physically implemented in simulator
friction. The front wheel steering angle, δF , constitutes the link between the CarSim
simulation and the Matlab/Simulink steering system model. Prior to being exported
to CarSim, the steering angle is computed according to
δ¨F =
1
Iw
[−KL(δF − yr
rL
)− Tfr,kp −Bkpδ˙F − Tfb], (6.4)
where Iw and Bkp are the moment of inertia and damping of the front wheel assembly.
Tfr,kp is the non-linear kingpin friction torque and Tfb represents the feedback torque
from the tire-road interface.
The final term in (6.4), the feedback torque, Tfb, provided a link in the steering
system model to translate the realistic feeling of road forces on the tires to the driver’s
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hands. When driving the simulator, the participants were able to receive additional
feedback concerning factors such as roadway edge drop-off and surface friction dif-
ferences which can greatly influence the ROR recovery process. The feedback torque
was comprised of the sum of the tire moments caused by vertical forces, Mv, and
lateral forces, Ml, as well as aligning moments, Ma according to
Tfb = Mv +Ml +Ma, (6.5)
Mv = −(Fzl + Fzr)d sinλ sin δF + (Fzl − Fzr)d sin τ cos δF , (6.6)
Ml = (Fyl + Fyr)rw tan τ, (6.7)
Ma = (Mzl +Mzr) cos
√
λ2 + τ 2, (6.8)
where d, rw, λ, and τ represent the lateral offset of the steering axis, wheel radius,
kingpin inclination angle, and kingpin caster angle, respectively. The vertical (sub-
script z) and lateral (subscript y) forces on the left (subscript l) and right (subscript
r) tires are denoted by Fzl, Fzr, Fyl, and Fyr. These tire forces along with the left
and right tire moments, Mzl and Mzr, were calculated by CarSim and exported to
the steering system model.
6.2.2 Vehicle Description
The vehicle handling and dynamics featured in the simulation were based on
a standard commercial minivan similar to that shown in Figure 6.3a. The simulated
vehicle was equipped with front-wheel drive, standard anti-lock brakes, independent
front and rear suspension, and standard passenger tires. The choice of a minivan as
the vehicle for this study was convenient as it fit with the hardware of the simulator
and made use of the preprogrammed and verified dynamics which come with the
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CarSim software package. The geometric and inertial properties of the vehicle are
displayed in Table 6.1.
Table 6.1: Physical and geometric vehicle properties
Symbol Value Units Symbol Value Units
Bkp 200 kg m
2/s KL 48.8× 10−3 Nm
Br 0.136 kg/s Ksc 33.9 Nm
Bsc 1.423 kg m
2/s Kt 75.8 Nm
d 0.400 m `f 1.3559 m
g 9.81 m/s2 `r 1.6464 m
h 1.500 m `w 1.6916 m
Isw 6.78× 10−5 kg m2 m 1788.8 kg
Iw 1.356 kg m
2 mr 29.4 kg
Ixx 729.7 kg m
2 rL 0.118 m
Iyy 3916.5 kg m
2 rp 7.37× 10−3 m
Izz 4029.5 kg m
2 rw 0.341 m
Ixy 0 kg m
2 wt 0.205 m
Ixz 181.5 kg m
2 λ 0.208 rad
Iyz 0 kg m
2 τ 0.051 rad
6.3 Validation Study Design
A run-off-road crash is a complex event with many different factors leading up
to the final impact or rollover. A naive perspective might be tempted to simplify ROR
crashes down to a few primary and influential factors thought to cause these crashes
and suggest that eliminating such factors would eliminate the possibility for further
ROR crashes. However, it is impossible to point to one or two factors as the cause
for a crash since the interaction of all the factors is so significant. The chain of events
can be so sensitive that only a small alteration could lead to drastically different
results. This does not, however, call for the abandonment of all investigation into
understanding the complex crash event process. The objective of this study, therefore,
was to examine the general effect of several crucial factors in an ROR crash when
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subject to typical driver response. A comparison of the study results with other
theories and published data on ROR crashes allows for a validation analysis of the
simulator’s realism and its practicality as a training tool within the context of ROR.
The results of the study may also be used to help better understand driver behavior
during ROR events and improve the methods used for training drivers on safe recovery.
6.3.1 Experiment Design
As mentioned, there can be a large number of factors leading up to an ROR
crash. Testing for all or even half of the hypothesized factors would take large amounts
of time and resources and would ultimately be unrealistic. For this study, one vehicle
condition and three roadway environments were chosen for investigation including
vehicle speed, roadway edge drop-off (lip-height), difference in friction coefficient be-
tween the road and shoulder, and the curvature of the road (straight or curve). These
factors were identified from a long list of factors which were suspected to significantly
influence the difficulty of a successful ROR recovery as determined by previous studies
and crash data [10, 11, 20, 24, 126]. A two-series factorial design (24 factorial) was
chosen to test the influence of these four factors on the ROR recovery process. The
two levels chosen for each factor are shown in Table 6.2.
The 24 factorial design required that each participant drive a total of 16 unique
simulation conditions. Additional factors beyond the four mentioned were considered
for study, however, it was determined that adding even a fifth factor would extend the
length of the test beyond the comfort limits of the participants. At 16 treatments, the
test was still achievable in under an hour. It was feared that subjecting participants
to further tests beyond an hour would induce the fatigue limits of the participants
possibly causing discomfort and/or influencing the results.
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Table 6.2: Experimental factors and associated levels used in the 24 factorial study;
conditions 1-8 and 9-16 correspond to straight and curved roads respectively
Condition
Velocity, x˙
(km/h)
Lip Height, hl
(cm)
Friction Coefficient
Difference, ∆µ
Road
Curvature, ρ
1, 9 60 2.5 0.3 Straight, Curve
(1-8) (9-16)2, 10 85
3, 11 60 10
4, 12 85
5, 13 60 2.5 0.55
6, 14 85
7, 15 60 10
8, 16 85
6.3.2 Driving Environment
The simulated roadway environment was based on a simple two-lane country
or rural road as seen in Figure 6.3. The test began with a 1.5 km winding road
lined with houses and trees. This section of roadway included a 60 km/h speed limit
and was designed mainly to place the driver in a typical driving mindset and cause
the impending disturbance to be as much of a surprise as possible. Following the
winding road portion, speed limit signs were displayed to indicate the desired speed
(60 km/h or 85 km/h) for the specific test conditions. Once the vehicle reached the
specified speed range the simulation transitioned to a straight portion of roadway or
a curve depending again on the test condition at hand. Next a wind disturbance was
programed into the simulation along with associated wind audio to blow the vehicle
off the right side of the roadway. The wind disturbance was abrupt lasting only 1
second and the implementation time within the simulation was varied amongst the
different trials to retain an element of surprise as best as possible.
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(a)
(b)
Figure 6.3: (a) Simulated vehicle exhibiting a run-off-road scenario on a straight
section of roadway and (b) driver view of the curved roadway used in the run-off-road
simulation
6.3.3 Participant Instructions
Upon arriving at the lab, the participants were asked to fill out a consent
form along with a demographics questionnaire. The questionnaire was used to gather
information on the subject, their driving habits, familiarity with ROR, and their par-
ticipation in driving courses as seen in Appendix D. Next the subjects were asked
to make themselves comfortable in the driver’s seat of the simulator and fasten the
seatbelt. Prior to conducting any test runs the participants were instructed to drive
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around a simulated proving ground to familiarize themselves with the simulator and
gain a sense of the simulated vehicle’s behavior and feel. This strategy was also used
to help alleviate the issue of adaptation during the tests as observed in a previous
study [100]. Following about 10-15 minutes of practice, or until the participant felt
comfortable with the vehicle handling, the subject was taken through the series of 16
driving conditions. The order of the test treatments was randomized for each partic-
ipant to avoid run-order effects. The participants were told to drive the vehicle along
the road as they normally would their own car. They were additionally instructed
that if the vehicle departed from the roadway, they should return the vehicle back to
the proper lane (the right side of the road) as safely as possible.
Following each of the 16 trial runs, the participants were asked to fill out a sim-
ple questionnaire. The questionnaire consisted of five questions which were adapted
from the NASA Task Load Index (TLX) structure [136] and can be seen in Appendix
D. The five questions focused on Mental Demand (P1), Physical Demand (P2), Tem-
poral Demand (P3), Performance (P4), and Frustration Level (P5). Responses were
gathered through a likert scale ranging from 1 (low or poor) to 7 (high or good).
6.4 Results
A total of 30 subjects (8 males and 22 females) participated in the driving sim-
ulator study. Participant age ranged between 18 and 24 with an average of 19 years.
The concentration in age demographic occurred due to the location of the study on a
college campus and the availability of college age participants especially psychology
students looking to participate as part of course curriculum requirements. However,
the subject selection was deemed appropriate considering the over-representation of
15 to 24 year olds in ROR crash statistics [10]. The average driving experience of the
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participants was 3.3 years and eight of the subjects indicated that they had experi-
enced an ROR scenario in the past. All but four of the subjects had taken a novice
driver education course and eight subjects indicated that they had participated in an
additional secondary safe driving program.
In addition to demographics information, the data collected from the study in-
cluded the questionnaire responses of each participant, following each trial run, along
with numerous vehicle states and parameters and simulator inputs and outputs. The
questionnaire results were processed using analysis of variance (ANOVA) to deter-
mine if there was a statistically significant effect by any of the treatment factors on
the questionnaire responses. The ANOVA results for the first three questions (P1-P3)
dealing with Demand, are shown in Table 6.3. The first observation is that the road
curvature and vehicle speed both individually had a significant effect on how demand-
ing the participants felt the recovery was. This result matches the expectation, that
the mental, physical, and temporal demand on the driver should increase with more
extreme road curvature and speed as the recovery process becomes more difficult un-
der these conditions. The surface friction differences, although not as large as the
velocity and road curvature, also impacted the sense of demand on the participant
drivers. This was another expected result as higher friction differences between the
shoulder and the road create a more unexpected and difficult surface environment for
ROR recovery. Interestingly, the lip height did not have a statistically significant im-
pact on the drivers’ sense of demand during recovery. Although initially unexpected,
this lack of significant impact may be the result of participants exhibiting typical
overcorrection behaviors, triggering the vehicle to quickly sling-shot across the road-
way, in an out-of-control manner, and causing the lip-height to go unnoticed. In very
few of the scenarios did participants try to slowly steer back on the road which is
where the lip-height can severely impact recovery efforts due to tire scrub.
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Table 6.3: ANOVA results for questionnaire responses P1-P5 which correspond to mental demand, physical demand,
temporal demand, performance, and frustration level; bold entries indicate statistically significant results
Source
P1 (Mental) P2 (Physical) P3 (Temporal) P4 (Performance) P5 (Frustration)
Effect p-value Effect p-value Effect p-value Effect p-value Effect p-value
Velocity, x˙ 0.946 < .0001 0.983 < .0001 0.867 < .0001 −1.008 < .0001 0.767 < .0001
Lip Height, hl 0.088 0.5170 0.050 0.7104 0.067 0.6379 0.033 0.8334 0.042 0.7716
Friction, ∆µ 0.371 0.0062 0.467 0.0006 0.450 0.0016 −0.617 0.0001 0.375 0.0092
Curvature, ρ 1.004 < .0001 1.183 < .0001 0.983 < .0001 −1.567 < .0001 0.967 < .0001
Velocity x Curvature 0.296 0.0288 0.450 0.0009 0.275 0.0526 −0.625 < .0001 0.267 0.0636
Friction x Curvature 0.204 0.1309 0.167 0.2162 0.408 0.0041 −0.433 0.0065 0.275 0.0558
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The ANOVA results for questions P4 and P5 are also displayed in Table 6.3
where again it can be seen that the vehicle velocity, the curvature of the road, and
the friction coefficient difference had a significant impact on participant responses.
The negative values for the P4 effects are due to the likert scale structure used on
the questionnaire. In this case, large negative effect values indicate a greater negative
effect on the subjects’ self-evaluation of their performance. In both questions, lip
height again failed to exhibit a significant impact on participant responses, further
illustrating its limited perception in the simulation.
Some significant impacts were also found for the interactions between treat-
ment factors indicating a different and many times increased effect when factors are
combined as opposed to the simple sum of their individual effects. For example, Ta-
ble 6.3 shows that the interaction between velocity and road curvature had at least
a marginal impact on all five question responses while the interaction between the
friction difference and the road curvature only impacted questions P3-P5. Figures 6.4
and 6.5 illustrate the interactions found between these factors for the questionnaire
responses. The two plots display the trends in mean response between the different
levels of velocity vs. road curvature and friction vs. road curvature, respectively
for each questionnaire response. The mean response for each of the treatment levels
has been normalized with respect to the overall mean for that particular question in
order to provide a clearer comparison of the effect magnitudes. Parallel lines on the
interaction plots, for a particular response, are an indication of little or no interaction
between the corresponding factors whereas non-parallel lines indicate significant in-
teractions. In Figure 6.4 the two solid lines for P4 responses are clearly non-parallel
illustrating the significant impact shown to exist in Table 6.3. The interaction lines
for question P4 exhibit a decreasing trend due to the likert scale structure and word-
ing of the question as mentioned previously. In this case, the participants rated their
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performance even lower when the combination of high velocity and curved road oc-
curred in the simulation. In Figure 6.5 the lines for P2 are very close to parallel and
support the ANOVA results in Table 6.3 that the interaction between the friction
difference and the road curvature was non-significant. Significant interaction results
for velocity and road curvature, as well as friction difference and road curvature, were
expected since each were hypothesized as critical factors influencing ROR recovery.
The significant interactions found in the data support the notion that different com-
binations of critical factors can produce very different results in an ROR scenario. In
each of the ANOVA analysis results displayed below, higher order interactions were
found to be insignificant and thus only first order interactions exhibiting significant
impacts are shown in the tables.
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In addition to the questionnaire responses, a number of key vehicle parame-
ters were identified for investigation and validation of the ROR driving simulation.
Six vehicle states and parameters were chosen for analysis based on their ability to
characterize the successfulness of an ROR scenario. The first vehicle state of interest
was the lateral error as ROR involves large lateral displacements of the vehicle off the
roadway. In this study, lateral errors to the left and right of the desired driving lane
were considered positive and negative respectively as shown in Figure 6.6. Therefore,
the maximum left lateral error, el,max, was analyzed to determine how far the vehi-
cle traveled to the left, whether into oncoming lanes or departure off the left side of
the road. The maximum right lateral error, er,max, provided insight into how far the
vehicle traveled off onto the right shoulder of the road, and the integral of the error,∫ |e|, gave a general view of the total elapsed error during the recovery. The nature
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Figure 6.6: Depiction of vehicle lateral error with direction shown measured as neg-
ative
of the ROR problem is such that minimizing lateral error is desired, so the smaller
the integral, the better the recovery performance.
The ANOVA results for the lateral error parameters are shown in Table 6.4.
The maximum left lateral error, el,max, did not appear to be significantly impacted
by any of the treatment factors except possibly the vehicle velocity, indicated by a
marginal p-value. Although more significant results were anticipated, the overcorrec-
tion and loss of control demonstrated by many participants may have led to large
variations in the left lateral error data causing difficulty when attempting to fit a
statistical model amongst the trial runs. The influence of the treatment factors on
the maximum right lateral error was more distinguished revealing significant impacts
by the vehicle velocity, road friction coefficients, and the road curvature. The results
for the integral of the lateral error mirrored that of the maximum right lateral error
which is a positive result given that it provides a slightly more general glimpse at the
recovery process than the maximum right or left lateral errors individually.
150
Table 6.4: ANOVA results for driver recovery performance evaluation parameters which include maximum left lateral
error, el,max, maximum right lateral error, er,max, lateral error integral,
∫ |e|, maximum steering wheel angle, θmax, sideslip
ratio, Rβ, and yaw rate ratio, Rψ˙; bold entries indicate statistically significant results
Source
emax emin
∫ |e| θmax Rβ Rψ˙
Effect p-value Effect p-value Effect p-value Effect p-value Effect p-value Effect p-value
Velocity, x˙ 2.048 0.0576 −14.6 < .0001 225 < .0001 39.7 0.0002 376 0.0005 61.2 < .0001
Lip Height, hl −0.187 0.8619 −2.02 0.3705 38.8 0.2602 4.48 0.6728 −39.1 0.7164 −6.49 0.6442
Friction, ∆µ −0.528 0.6237 −13.7 < .0001 230 < .0001 12.3 0.2463 184 0.0872 −6.04 0.6675
Curvature, ρ 0.98 0.3627 −13.1 < .0001 200 < .0001 61.3 < .0001 576 < .0001 89.1 < .0001
Velocity x Friction −1.471 0.1721 −11.1 < .0001 179 < .0001 −15.8 0.1367 −64.5 0.5486 −22.5 0.1092
Velocity x Curvature −1.476 0.1707 −10.7 < .0001 146 < .0001 21.9 0.0391 114 0.2905 22.9 0.1032
Friction x Curvature 1.261 0.2417 −10.1 < .0001 177 < .0001 −4.68 0.6588 95.0 0.3770 −6.02 0.6686
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Another vehicle parameter of interest was the steering wheel angle, θ. The
steering wheel angle provides important insight into the driver’s reactions and com-
mand of the vehicle during the ROR event. It also allows for poor driver behavior
such as overcorrection to be detected and identified to help better train drivers in
the future. The maximum steering wheel angle, θmax, was thus used as part of the
validation analysis.
To help characterize the stability of the vehicle during the recovery, the sideslip,
β, and yaw rate, ψ˙, of the vehicle were recorded and analyzed. For high sideslips and
yaw rates the vehicle’s tires can lose traction and begin to slide or spin out of control
creating a dangerous scenario and potential for rollover. Rajamani in [104] defines
safe thresholds for sideslip, βT , and yaw rate, ψ˙T , according to
βT = tan
−1(0.02µg), ψ˙T =
µg
x˙
(6.9)
where g is the acceleration due to gravity, µ is the friction coefficient of the surface,
and x˙ is the longitudinal velocity of the vehicle. To characterize the recovery, the
maximum sideslip angle and maximum yaw rate were obtained from the simulation
data for each trial and compared to the respective threshold to obtain the ratios,
Rβ =
max(|β|)
βT
, Rψ˙ =
max(|ψ˙|)
ψ˙T
. (6.10)
The maximum steering wheel angle used during ROR recovery along with the
sideslip ratio and yaw rate ratio can be analyzed together as vehicle parameters which
describe the stability of the vehicle. Each of these parameters represent a maximum
value used or experienced during the ROR recovery and thus examine the worst point
in the recovery process in terms of stability. The ANOVA results for these evaluation
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parameters are shown in Table 6.4. The significant impact of the vehicle velocity on all
three parameters is an expected and positive result for validation and will be discussed
more thoroughly in the next section. The impact of road curvature on the steering
wheel angle, sideslip, and yaw rate is more a natural result of curve navigation than it
is descriptive of the ROR recovery process. Navigating curved roads involves higher
steering angles and yaw rates and is easier to induce high sideslip angles compared to
straight road sections. It was thus expected that these parameters would be inherently
larger on the curves so the result simply verifies the implementation of the experiment.
Table 6.4 also indicates the significance of several interactions between the
factors examined. For the maximum right lateral error and the error integral, the first
order interactions between the velocity, friction, and road factors were determined
to be significant, further demonstrating and validating the complex interaction of
factors leading to ROR crashes. A significant interaction was also determined for the
maximum steering wheel angle between the velocity and road curvature, however,
no other significant interactions arose for any of the other evaluation parameters.
The Interaction plots for three combinations of velocity, friction, and curvature are
shown in Figures 6.7, 6.8, and 6.9 where the mean response for each treatment has
been normalized with respect to the overall response mean of the particular evaluation
parameter. The plots support the ANOVA results from Table 6.4, depicting the much
more significant interactions for er,max and
∫ |e| over the other parameters.
6.5 Discussion
There is no doubt that the best experience a driver can gain is behind the wheel
of a real vehicle in real driving environments and live traffic. However, when it comes
to high risk and emergency scenarios, exposing individuals to a real life situation
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like ROR for training purposes is much too dangerous. Simulator based training
alleviates these safety concerns but not without the loss of some realism. Even the
most complicated and expensive simulators available are unable to perfectly replicate
the complex interactions associated with driving, especially in situations like ROR.
Therefore, the most complex simulator is not necessary to obtain valid results so long
as the balance of realism is tested and understood. This study sought to investigate
the realism associated with a fixed-base simulator with haptic steering in the context
of ROR training. Four factors, vehicle velocity, road lip-height, road and shoulder
friction coefficients, and road curvature were identified as influential elements of the
ROR recovery process. An analysis of trends and correlations between these factors
and data collected during this study should indicate the extent to which this simulator
configuration recreates a realistic ROR experience.
The first observation from the results, which supports the validation of the
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simulator, is the statistically significant effect of the vehicle velocity on each of the
questionnaire responses and evaluation parameters. This is an important result be-
cause it is widely acknowledged that higher speeds adversely affect the chances of a
successful ROR recovery. Many sources show that excessive speed is often a factor in
ROR crashes [10, 137]. Another important observation is the significant effect of the
road curvature on almost all the questionnaire responses and evaluation parameters.
Just like the velocity, this too is an important result which validates the effectiveness
of the simulator. In [9] more ROR events were found to occur on straight roads than
on curves, however, in [10] the percentage of ROR crashes amongst all single-vehicle
crashes was shown to be higher for curved roads than straight. These two conclusions
suggest that it is more difficult to successfully recover from ROR on a curved portion
of roadway especially when initially departing on the right side while in a left curve
which is typically the case. A driver departing the roadway in such a manner will
not only need to compensate to get back on the road but also keep up with the road
curvature. The theory that curved roads are more difficult to recover on is verified in
the ANOVA results as the participants found the road curvature to negatively affect
their assessment of physical, mental, and temporal demand, as well as their perfor-
mance and anxiety. The significant effect on the lateral error parameters echoes the
positive validation and while the impact on the steering wheel, sideslip, and yaw rate
is expected due to the curvature of the road, the large effect values further indicate
the additional difficulty this factor added to the recovery.
The road and shoulder friction coefficient difference was also shown to have a
significant impact on the questionnaire responses and some of the vehicle evaluation
parameters. In the questionnaire results, the friction differences, although significant,
did not have as large of an effect as the vehicle velocity and road curvature. While this
result may be somewhat expected, the lower effect values may also be due to the lack
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of visual feedback for surface friction in the simulation. In real life driving scenarios,
it is easy to observe the weather and accommodate for varying surface friction levels,
however, the simulation software used in this study is limited in methods for conveying
weather and surface friction cues. As a result, the environment did not change visually
for different surface frictions and the drivers were left to perceive surface friction based
on changes in vehicle behavior and steering feel. Nonetheless, the results do confirm
that, as expected, the ROR recovery process in the simulator is more difficult when
large friction coefficient differences exist between the road and shoulder.
One unexpected result was the lack of statistical significance for the lip-height
factor. The lip-height was not found to influence any of the questionnaire responses
or the vehicle evaluation parameters. As stated previously, this factor was chosen for
investigation in this study because it was believed to be a critical environment factor
effecting ROR recovery and is cited as such in the literature [24, 25]. The lack of
significance in this study, however, can possibly be explained by a few theories. First,
the lip-height suffers from a similar graphics limitation as the friction in that the
simulation software does not make subtle elevation changes like lip-height drastically
apparent. Drivers are left to only distinguish the differences through the feedback
in the steering wheel. Also, in many of the trials, the participants over-corrected
and quickly lost control of the vehicle. With the vehicle spinning across the road
or perhaps not even making it back onto the road, the lip-height may not have had
an overwhelming influence on the recovery process. This result indicates that the
ability of this simulator configuration for testing and training drivers on the effects
of lip-height may be limited. Lip-height is still an important aspect to consider for
ROR and should be included in the simulation and training program, however, any
testing results or conclusions addressing it should be carefully analyzed.
One final observation from the study, which is not revealed in the ANOVA
157
analysis, is the general overreaction rate of the participants in the simulator. The
numbers alone reveal that in 54 percent of the trial runs the subject reacted with large
steering angles and/or sudden braking. As a result of this overreaction, 23 percent
of the trials indicated that the driver lost complete control of the vehicle; spinning
out and entering conditions very susceptible to rollover. In an additional 31 percent
of the trials, the driver managed to keep the vehicle from spinning out of control,
however, excessive lateral displacements were induced creating dangerous conditions
for collision with oncoming vehicles or roadside objects. While administering each of
the tests, it was observed that the percentage of trials where the driver immediately
took corrective action without first attempting to slow down the vehicle or regain
stability was much higher than even these percentages show. Most of the participants
were quick to react to the ROR event throughout most of the 16 trials even despite
the repetitive nature of the testing. Additionally, within the 23 percent of trials
where the driver spun out of control, 79 percent of those trials occurred on the curved
roadway. For the 31 percent of trials where the vehicle did not spin out but experience
large lateral errors, 60 percent of the trials occurred on the curved roadway. Several
important conclusions can be drawn from these observations and statistics; first,
drivers in the simulator had a difficult time resisting the instinctive tendency to
immediately overreact to an ROR situation, as is common in real life. Second, even
despite knowledge that an ROR event was impending, some element of surprise was
maintained in the simulation. Lastly, the unsuccessful recovery statistics, determined
from this study, support the high overcorrection rates and increased level of recovery
difficulty associated with horizontal curves commonly seen in crash data analysis
[9, 10, 22]. All of these observations and conclusions further validate the capabilities
of the simulator environment for ROR training so that drivers can learn from their
mistakes in the simulator and be more prepared should a real ROR event occur.
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6.6 Conclusion
To successfully combat run-off-road and the tragic impact it holds on society,
driver behavior must be addressed. This countermeasure begins with instilling the
mindset that driving is a dangerous task which must be respected through preparation
and risk awareness while engaged. Part of that preparation must involve educating
drivers about situations they may encounter on the road and preparing them to handle
those situations in safe and appropriate manners. The validation study presented in
this article supports a fixed-base simulator to accomplish this task for the dangerous
scenario of ROR. The fixed-base simulator, while limited in some areas, proves to
offer a reasonable realistic ROR experience useful for educating and training drivers
against hazardous ROR events. The large number of ROR crashes on the roads
today emphasizes the timeliness of a direct solution such as driver education and
until complete and robust autonomous vehicles become widespread the motivation
for safety training remains relevant. Hopefully one day ROR crashes and traffic
safety in general will be reduced to minimal levels of concern within the public health
point of view, but for now, driver education and training are powerful tools that if
used effectively can better unite mobility and safety in our society.
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Chapter 7
A Video Based Run-Off-Road
Training Program with Practice
and Evaluation in a Simulator
7.1 Introduction
Despite many advances in traffic safety, one type of crash which continues to
yield a large number of fatalities and injuries is unintended roadway departures or
run-off-road (ROR) crashes. In 2011, around 60 percent of single-vehicle crashes in
the U.S. occurred on the shoulder, median, or off the roadway altogether [3]. ROR is
defined as the condition when one or more of a vehicle’s wheels leaves the roadway
and begins traveling on the shoulder or surface adjacent to the road. Vehicles may
leave the roadway for a variety of reasons, from gradual drifting due to inattention,
to sudden obstacle avoidance; however, the driver’s reaction immediately following a
roadway departure is a critical factor that influences the safety consequences of the
scenario. In fact, several studies have shown that the most frequent critical factor in
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ROR crashes is driver performance [11]. Roadway conditions such as surface friction
differences, roadway edge drop-off (lip-height), or roadside obstacles, combined with
the natural and instinctive reaction to overcorrect with the steering wheel, make
recovering from ROR dangerous and unexpectedly difficult [10, 11].
A number of countermeasures currently exist to help mitigate the effects of
ROR events and the resulting crashes. Most of these solutions involve roadway in-
frastructure modifications designed to help keep vehicles on the roadway and reduce
the probability or severity of crashes if departures do occur [17]. Several infrastruc-
ture techniques (e.g. shoulder rumble strips, skid-resistant pavement surfaces, lip-
height maintenance, widened/paved shoulders, and guardrails) have been installed
on numerous miles of roadways resulting in varying success in reducing ROR crashes
[17, 22, 24]. However, the overall gains associated with roadway modifications remain
small since not all roads can be retrofitted with these modifications. Additionally,
the most critical factor in ROR crashes, driver performance, is not directly addressed
by passive roadway infrastructure [11]. A more direct solution involves specifically
targeting the driver’s behavior so that inappropriate control actions, such as the com-
mon overcorrection technique, do not occur in the first place and collisions may be
avoided altogether.
In addition to roadway modifications, there are many types of vehicle-based
ROR intervention technologies. Today all new vehicles in the U.S. are equipped with
electronic stability control (ESC) [37] and many new models include lane departure
warning (LDW) or lane keeping assist (LKA) technologies [43, 45, 48]. These systems
have generally demonstrated success in providing drivers with warnings or assisted
control when the vehicle is slowly skidding or drifting off the road. However, the ef-
fectiveness of these systems is limited in more extreme departure cases and ultimately
the driver’s performance still remains critical in preventing ROR crashes. A few ROR
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safety systems include a more active approach in assisting the driver throughout the
ROR recovery process [93, 94, 95, 120]. These particular systems are designed to
work with the driver by predicting the driver’s performance and implementing con-
trol accordingly, providing force feedback or warnings to illicit desired driver response,
or taking complete control of the vehicle from the driver. Despite promising results
associated with each of these ROR-specific safety systems, they remain premature for
commercial implementation. For example, an autonomous recovery control system
may completely eliminate the driver from the ROR recovery process [120] but the
implications of such systems on overall traffic safety are not well known. Addition-
ally, until the benefits of autonomous systems are well tested and documented, these
types of ROR prevention will not be implemented.
The current study investigates driver education as a potential ROR counter-
measure. Driver education is not only an easily implementable intervention but also
may directly address the driver’s behavior in these critical safety situations. There
is a plethora of research related to the effect of novice driver training and driver
education, with only a smaller subset of studies found for training in emergency situ-
ations. For example, Katila et al. [61] demonstrated that skid training was associated
with confidence while driving in slippery conditions without an increase in crash risk
associated with overconfidence. Damm et al. [138] demonstrated that in terms of
response time, speed, and vehicle positioning, early-trained novice drivers were more
likely to respond with efficient evasive actions, similar to experienced drivers, than
traditionally trained novices during simulated prototypical crash scenarios. Clark et
al. [73] demonstrated that novice drivers were able to proficiently exhibit safe driving
skills following exposure to a safe driving program focused on braking skills, obstacle
avoidance, loss of control, and tailgating. Additionally, several recent publications
in driver training for emergency situations have focused more on the importance of
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improving risk and hazard perception [69, 78, 79]; however, no previous research ex-
ists for driver training in the specific context of ROR. The ROR training evaluated
in the current study seeks to fill the gap that other hazardous situation training has
left unaddressed and is designed to fit well in a safe driving program such as that
presented in [72].
Driver education has received substantial attention especially from highly
motorized countries throughout the world. Unfortunately, many studies have not
shown significant positive effects of general driver education or training programs
[56, 139, 140, 141]. However, some benefits have been observed in studies of more
advanced skill training [61, 69]. Regardless of the controversy related to driver edu-
cation benefits, these studies indicate that experimental evaluations of programs are
imperative for developing an effective training program [63, 64, 65, 66]. Although
the current study focuses solely on one potential hazard of driving, the realization
of ROR training as a standard part of driver education necessitates that it undergo
proper evaluation. To that end, this study advances on the findings of Freeman et al.
[100] where the potential benefits of ROR training in a simulator environment were
demonstrated through a pilot study.
7.2 Methods
7.2.1 Participants
The participants in this study were recruited through the Clemson Psychol-
ogy Research System that identifies student volunteers interested in participating in
research studies across the university. Some students were incentivized to partici-
pate through the Research System as part of their curriculum requirements; however,
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other participants volunteered to participate with no compensation or credit. The
study was approved by the Clemson University Institutional Review Board (IRB#
IRB2009-184). A total of 75 subjects (43 males and 32 females) participated in the
study with a mean age of 21.12 years-old (SD=2.94, range=18-36). The average driv-
ing experience of participants in the study was 5.25 years (SD=2.97) with 36 percent
of subjects indicating they had experienced an ROR event. About 91 percent of the
participants indicated that they had taken a novice driver-training course in the past,
and 17 percent had participated in a secondary safe driving practices course.
7.2.2 ROR Training Video
In this study, ROR training was conducted through the use of a video-based
tutorial. The use of video training is helpful especially in the evaluation phase so that
variability in training can be reduced. Developing video-based materials also greatly
improves the impact potential as resources can be shared digitally over the Internet
and supplemented with local instructor-led training. The concepts presented in the
video were comprised of educational material published by leaders in the automotive
safety industry. Educational materials (e.g. brochures and manuals) published by
organizations such as AAA [115], Pearson Education (Drive Right) [106], and The
Roadway Safety Foundation [128] were synthesized into a cohesive educational video.
The video presented the participant with introductory information on the occurrences
and severity of ROR crashes and fatalities. This information was used to highlight
the significant impact of ROR and provide motivation for the training. Examples
of ROR events were shown in the video with specific factors associated with ROR
including differences in surface frictions between the road and shoulder, the lip-height,
and roadside obstacles. The video also described the potentially improper reactions
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by the driver during ROR, and how these actions can quickly lead to loss of control
of the vehicle. The video then explained several instructions on how to safely react if
the vehicle begins to depart from the roadway.
The first instruction for ROR recovery was to stabilize the vehicle. The video
encouraged drivers to remain calm and not to overreact to get the vehicle back on
the road [115, 128]. Instead it is important to firmly grasp and stabilize the steering
wheel while continuing to steer the vehicle parallel to the road [106, 115, 128]. Drivers
were also instructed to ease their foot off the accelerator and avoid braking since the
split surface friction could easily cause the vehicle to spin out [106, 115, 128]. While
continuing to look ahead at the path of travel, and if roadside obstacles do not
present a threat, the vehicle speed should be reduced by coasting [115, 128]. The
video explained that the safest maneuver is to slowly pull the vehicle over onto the
shoulder and regain composure or call for help if necessary before attempting to get
back on the road and continue driving [115, 128].
The video then explained that the shoulder conditions may not always be
conducive to safely pulling over the vehicle. Roadside objects or dangerous shoulder
conditions may cause a situation in which the driver must return to the road quickly
to avoid a collision or rollover. In this case, the video discussed some techniques
and steering maneuvers for safely getting the vehicle back on the road. First, the
video recommended that the safest speed for returning to the road is around 40 km/h
(25mph) [115, 128]. In preparation for returning to the road, the driver is encouraged
to visually scan for surrounding traffic and obstacles and take note of any dangerous
surface conditions or lip heights [106, 115, 128]. If two of the vehicle’s wheels are off
the road, it is best to continue straddling the edge of the road, if all four wheels are
off the road, the vehicle should be positioned so that it is 30-40 cm (12-18 inches)
from the edge of the road [106, 115, 128]. To steer back on to the road, a quarter turn
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of the steering wheel to the left should first be used. Once both of the front tires are
on the surface of the road, a quarter of a turn to the right should be implemented to
countersteer the vehicle and keep it in the proper lane [115]. From here, drivers may
resume steering to follow the curvature of the road.
7.2.3 Simulator Description
The simulator used in this study was a fixed-base vehicle cab design with
projector screens as shown in Figure 7.1. The simulator used the front half of a
Honda CR-V cabin that provided steering wheel, throttle, and braking inputs. The
immersive environment was enhanced with visual feedback including a 120 degree
field-of-view projected on three large screens along with audio feedback channeled
through the speakers in the vehicle cabin. The scene rendering and vehicle dynamics
in the simulation were processed by Mechanical Simulation’s software package CarSim
[114]. In addition to reading the driver’s inputs, the steering system in the vehicle
provided haptic steering feedback torques based on the forces and moments on the
simulated road wheels. The haptic feedback was calculated through detailed steering
sub-system models running in Matlab/Simulink, interfaced with CarSim, and imple-
mented through a servo motor attached to the vehicle steering wheel. The haptic
steering was designed to replicate a realistic steering experience and details regard-
ing the system’s development and validation can be found in [132, 133, 134, 135].
Additional information regarding the simulator system can also be found in [125].
The vehicle dynamics were based on those of a standard commercial minivan
or small crossover SUV. The vehicle was programmed in CarSim [114] to include front-
wheel drive, anti-lock brakes, independent front and rear suspension, and standard
passenger tires. The steering sub-system dynamics, which were programmed through
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Figure 7.1: Driving simulator used in the run-off-road study
Matlab/Simulink, were based on a hydraulic power steering model developed in [127].
The entire simulation was also validated within the specific context of ROR testing
and training in [125]. Freeman et al. [125] described statistically significant effects
for crucial ROR factors such as speed, road curvature, and surface friction differences
and the study results followed many trends observed in ROR crash data.
7.2.4 Simulated Run-Off-Road Environment
The simulated driving environments employed in this study were designed
to replicate nominal driving conditions experienced on three major types of roads;
highways, horizontal curves, and rural roads. For each environment, the surface
friction coefficient for the road was set at µr = 0.7, corresponding to typical dry
pavement, and a shoulder surface friction coefficient of µs = 0.4, typical of dry grass.
A nominal lip height of 2.5 cm was also added to each road however it has not been
shown to have a significant effect in the recovery process during simulation training
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so it was not investigated as an independent factor in this study [125]. The lip-height
primarily served to help drivers sense when the vehicle’s tires were off the road. The
layout of the virtual driving environment (e.g., trees and buildings) was designed and
repeated in such a way as to deter the driver from recognizing their position along
the roadway. This helped to maintain an element of surprise during the ROR event
since the experiment design required each roadway to be driven twice by the same
participant.
The highway scenario (R1) featured a four-lane road design with two lanes
traveling in each direction as shown in Figure 7.2a. This environment was designed
to investigate ROR recovery in a highway context at high speeds where many ROR
crashes occur [10]. Therefore, the roadway featured a few high radius curves and long
straight sections typical of highway driving with a speed limit of 105 km/h (65 mph)
in the U.S. The width of each lane was set at six meters for a total of 12 meters of road
width in each direction. Buildings and trees were offset from the road between 20 to
50 meters in order to provide adequate shoulder clearance but also to help provide
a sense of speed for the driver. The ROR event was triggered during a long straight
section of the highway.
The second driving environment investigated in this study was a horizontal
curve (R2) driven at medium to high speeds. ROR crashes are common on horizontal
curves as drivers often carry excessive speed into the curve and the curvature adds
complexity to the recovery process [10, 11]. The horizontal curve environment fea-
tured a standard two lane rural road with each direction separated by a double yellow
line. The lane width was four meters in each direction, as is typical for rural roads
[21]. The road began as a winding rural road lined with houses and trees. The ROR
event occurred in a curved road segment with a speed limit of 90 km/h (55 mph).
The last rural roadway environment (R3) was used to evaluate ROR recovery
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on a straight road at lower speeds. This two-way rural road had a double yellow line
separating the directions of traffic. Each lane was approximately five meters wide,
had a speed limit of 65 km/h (40 mph), and the buildings and trees were located closer
to the roadway (approximately 10-30 meters) as they would be in a more residential
area. The ROR event occurred upon the exit of one of the curves into a straight
section road.
7.2.5 Procedure
Upon arriving at the study, each participant was informed that they would
be participating in a study investigating situations in which vehicles run off the
road. The participants then completed the informed consent process (Clemson IRB#
IRB2009-184). No other specific information about the trial procedures or analysis
was provided prior to administration of the test. Each participant filled out a short
demographics questionnaire and then the participants sat in the simulator, adjusted
their seat, and fastened their seatbelt. The participants drove a short (10-15 minute)
introductory scenario to acclimate to the driving simulator and practice controlling
the virtual vehicle. The introductory scenario included roadway types similar to those
that the participants would experience in the experimental drives.
During the experimental drives, the participants were asked to maintain the
speed limit and to bring their car back onto the road as safely as possible if their
vehicle left the roadway. The participants then drove each of the highway, curve, and
rural road test environments in a randomized order where they were forced off the
road and attempted to recover the vehicle. Following each trial run the subject filled
out a questionnaire to rate their performance and the difficulty of the recovery in
terms of mental, physical, and temporal demands based on the NASA TLX [136].
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(a)
(b)
(c)
Figure 7.2: (a) Highway, (b) horizontal curve, and (c) rural road generated by CarSim
for simulated run-off-road testing
After driving each of the three test environments, the participants were shown
either the training video or a control video about flying a commercial aircraft in
turbulence. The placebo video was carefully chosen for time and content to ensure
minimal possibility of ROR recovery skill acquisition for the control group. After
watching the video the participants drove the exact same three test environments in
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randomized order and answered the same questionnaire after each one. The partic-
ipants were not told that the tests were the same but were simply told to maintain
the speed limit and recover from any ROR event as safely as possible. After all the
trial runs were finished, the participants completed an additional questionnaire that
assessed their knowledge and understanding of recovering from ROR events. Follow-
ing the completion of the study, the control group was shown the ROR training video
to ensure that no one left the study without experiencing the training video. Lastly,
a short discussion was held with each participant to verify that they understood the
primary concepts from the training and was equipped to handle an ROR situation if
it should ever occur.
7.2.6 Measurements
This study relied on both subjective and objective evaluation measures to
investigate the effects of ROR training in a simulated environment. A number of
vehicle and driver input parameters were recorded for objective evaluation in the
study, and were condensed into three metrics for analysis. First, the lateral error
from the lane center was examined through the maximum right lateral error, er,max,
and the maximum left lateral error, el,max. These two parameters were combined in
to a single lateral error parameter according to, |er,max| + |el,max|, to evaluate the
lateral range encountered during the recovery. From this definition, lower values
indicate a safer and more controlled recovery. Another parameter recorded during
the experiment was the steering wheel angle commanded by the driver throughout
the test. Initial overcorrection of the steering wheel and exaggerated steering inputs
throughout the recovery process are common responses during an ROR event and are
often large contributors to ROR crashes [7]. Thus, the second evaluation parameter
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was defined as the integral of the steering wheel angle over the first four seconds of
the recovery. This value gave insight into the driver’s steering reaction to the ROR
scenario with smaller values indicating a more controlled and safe recovery.
The next evaluation parameter used in this study was chosen to help quantify
the stability of the vehicle during the recovery process. During testing, both the yaw
rate and sideslip of the vehicle were recorded throughout each trial. During ROR
recovery it is desired that both of these parameters be minimized since large values
are descriptive of spinning out of control or dangerous lateral sliding. However, safe
value ranges for yaw rate and sideslip are both dependent on the amount of traction
available and thus the friction characteristics of the tire-road interface. Safe thresholds
for sideslip, βT , and yaw rate, ψ˙T , are defined in [104] as,
βT = tan
−1(0.02µg), (7.1)
ψ˙T =
µg
x˙
, (7.2)
where g is the acceleration due to gravity, µ is the friction coefficient of the road
or shoulder surface, and x˙ is the longitudinal velocity of the vehicle. To investigate
the stability of each recovery, the maximum sideslip angle and maximum yaw rate
measured from each trial was compared to the threshold values to obtain the ratios,
Rβ =
max(|β|)
βT
, (7.3)
Rψ˙ =
max(|ψ˙|)
ψ˙T
. (7.4)
The sideslip ratio, Rβ, and the yaw rate ratio, Rψ˙, were then averaged together to
create the stability evaluation metric. Lower values indicated a more stable recovery
with values close to or below one being more desirable and within the stable threshold.
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The subjective evaluation in this study consisted of the questionnaire responses
obtained after each trial run. It was observed, during testing, that a number of sub-
jects had difficulty answering questions regarding temporal demand and frustration
level due to misinterpretation of the question or scale associated with those ques-
tions, along with difficulty quantifying their experience. As a result, only questions
regarding mental demand, physical demand, and performance were included in the
statistical analysis. Questionnaire responses for mental and physical demand both
dealt with subjective assessment of the ROR event’s requirement on the driver, so
their values were averaged together to create a single demand metric. The perfor-
mance questionnaire response referenced the subject’s self-evaluation of their recovery
performance and was taken by itself as a second subjective evaluation parameter.
7.2.7 Statistical Analysis
It was hypothesized that the training video would have a positive overall effect
on the treatment group’s ability to safely recover from the ROR scenarios. Although
the practice effect was somewhat addressed with the practice time in the simulator
before testing, it was expected that all the participants would adapt and improve their
response as they completed the experimental drives. Despite this practice effect it
was expected that the treatment group’s performance would be better in the post-test
especially due to the specific instructions on how to handle the vehicle. The lateral
error, steering, and stability parameters were a means of objectively evaluating how
safe the recovery was and the subjective parameters helped to investigate the driver’s
perception of the events and their performance. Lastly, it was anticipated that the
highway and horizontal curve scenarios would be more difficult to recover from than
the rural road, due to the higher speed limits. The horizontal curve was expected to
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be the most difficult scenario due to the combined high speed and curvature of the
road.
A mixed model analysis of variance (ANOVA) was used to analyze the three
objective and two subjective evaluation parameters. Since each subject drove all three
scenarios (highway, horizontal curve, and rural road) prior to any treatment, and then
again after viewing the treatment video or placebo, a within subjects effect term was
included in the model and will be referred to as the Pre/Post effect. The effect of
the instructional video on the treatment group with respect to the placebo video
was also of interest, thus a between subjects treatment effect was also defined in the
statistical model. A statistically significant result (p-value < 0.05) for the treatment
effect, although it examines a difference in means between the control group and the
treatment group, is not of particular interest in this study since it combines the mean
responses from the pretests and post-tests together. Additionally, the Pre/Post effect
lumps the control group and the treatment group together to look at the difference in
means between the pretests and post-tests. It is the interaction between the Pre/Post
effect and the treatment effect that will indicate the effect of the training video on
the particular evaluation parameter.
7.3 Results
The descriptive statistics for the performance variables in each condition are
shown in Table 7.1. Overall, the means show a trend towards safer and more effi-
cient recoveries for the treatment group from pretest to post-test. The mixed model
ANOVA results are shown in Table 7.2. A more detailed look at the interaction
effects is also provided through the interaction plots in Figure 7.3. There is a signif-
icant interaction for the training across all evaluation parameters except the lateral
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Table 7.1: Means and standard deviations for each response variable according to
treatment group, pre/post test, and roadway (R1-R3)
R1 - Highway R2 - Horizontal Curve R3 - Rural Road
Group Test Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.
Lateral Error [m]
Control
Pre 45.0 49.2 23.7 21.5 3.41 1.23
Post 31.5 34.5 18.2 17.2 2.71 0.88
Treatment
Pre 44.3 46.4 24.8 19.4 3.61 1.81
Post 20.0 40.0 16.2 16.6 3.06 0.80
Steering [deg·s]
Control
Pre 351 265 497 292 109 25.3
Post 354 326 443 279 102 22.5
Treatment
Pre 364 231 576 315 142 115
Post 158 215 366 224 91.6 29.9
Stability
Control
Pre 7.09 6.15 8.84 8.23 0.29 0.14
Post 7.09 7.62 5.90 6.65 0.28 0.08
Treatment
Pre 9.18 6.90 9.32 8.75 0.83 2.46
Post 2.77 5.76 5.06 7.26 0.23 0.10
Demand
Control
Pre 4.10 1.30 4.16 1.37 2.96 1.39
Post 4.18 1.55 4.16 1.48 2.30 1.16
Treatment
Pre 4.52 1.48 4.28 1.23 2.81 1.23
Post 3.69 1.36 3.98 1.36 2.90 1.05
Self-Evaluated Performance
Control
Pre 3.28 1.88 3.24 1.74 5.44 1.04
Post 3.76 2.07 3.80 1.80 6.04 1.02
Treatment
Pre 2.92 2.17 2.74 1.69 5.34 1.33
Post 4.98 1.76 3.82 1.86 5.76 1.22
error for roadway R1 (the highway scenario). In fact, the lateral error did not show a
significant interaction effect for any of the roadways. The significant results observed
for the other response variables in the highway scenario are important since this par-
ticular driving environment includes high speeds and traffic that may be associated
with increased crash risk during an ROR scenario [10]. The treatment group used
less steering in the post-test indicating that they did not overcorrect, thus minimizing
the possibility of sling-shoting across the road or losing control of the vehicle which
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Table 7.2: Mixed model ANOVA results (p-values) for highway (R1), horizontal curve
(R2), and rural road (R3)
Source R1 R2 R3
Lateral Error
Treatment 0.447 0.896 0.277
Pre/Post 0.008 0.021 0.002
Treatment*Pre/Post 0.436 0.612 0.705
Steering
Treatment 0.071 0.986 0.424
Pre/Post 0.006 <.001 0.004
Treatment*Pre/Post 0.005 0.020 0.027
Stability
Treatment 0.323 0.910 0.333
Pre/Post 0.007 0.001 0.207
Treatment*Pre/Post 0.007 0.548 0.226
Demand
Treatment 0.908 0.914 0.375
Pre/Post 0.039 0.407 0.056
Treatment*Pre/Post 0.013 0.407 0.013
Self-Evaluated Performance
Treatment 0.244 0.476 0.438
Pre/Post <.001 0.004 0.003
Treatment*Pre/Post 0.015 0.351 0.589
could lead to a collision with other traffic on the highway.
Scenarios R2 and R3 (the horizontal curve and rural road), only revealed
significant results for the steering wheel angle and demand survey (R3 only). The
significant result for the steering wheel angle is especially important given the common
occurrence and severe effect of overcorrection in ROR [7]. Despite a lack of significant
interaction effects, other interesting trends can be seen in the response data and are
discussed in the next section for each evaluation parameter.
Table 7.3 provides a summary of the recovery outcomes classified into three
groups. Each ROR recovery response was either classified as small lateral error,
excessive lateral error, or spin out. The small lateral error category represented the
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Figure 7.3: Interaction plots for (a) steering parameter, (b) stability parameter, (c)
demand parameter, and (d) self-evaluated performance parameter
safest recoveries where the driver maintained lateral control of the vehicle and did
not overshoot into oncoming traffic. The excessive lateral error category included
recoveries where the vehicle traveled more than five meters off the right side of the
road, encroached on oncoming traffic, or traveled off the left side of the road. While all
the drivers in the excessive lateral error category eventually recovered safely back into
their lane, these results were separated for the unpredictable dangers that oncoming
traffic or roadside obstacles could present in these scenarios. Lastly, if the vehicle
spun out of control at any point during the recovery it was classified in the spin out
category.
Table 7.3 shows that for the highway scenario (R1), a much larger percentage
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Table 7.3: Participant recoveries classified according to small lateral error, excessive
lateral error, and spin out; values are expressed as percentages amongst the group
total
Small Excessive Spin
Group Test lat. error lat. error out
Highway, R1
Control
Pre 8 36 56
Post 36 16 48
Treatment
Pre 14 16 70
Post 62 22 16
Horizontal Curve, R2
Control
Pre 8 40 52
Post 12 40 48
Treatment
Pre 6 36 58
Post 18 52 30
Rural Road, R3
Control
Pre 76 24 0
Post 92 8 0
Treatment
Pre 80 16 4
Post 94 6 0
of safe recoveries were found for the treatment group (62%) versus the control group
(36%) in the post-test. The horizontal curve scenario did not show much difference
between the two groups in terms of small lateral error recoveries, and the percent-
ages were much lower compared to the highway scenario. However, the reduction
of spin outs from 58 percent down to 30 percent for the treatment group indicates
good potential for the training system. Lastly, the reduced difficulty of the rural
road scenario is again demonstrated with high percentages of safe recoveries for both
groups. Overall, the percentage of spin outs for all the participants amongst all three
road scenarios was reduced from 41.3 percent to 21.3 percent pretest to post-test.
Additionally, the percentage of safe recoveries (small lateral error) for all the partic-
ipants amongst all three road scenarios increased from 32.4 percent pretest to 53.7
percent post-test. The overall recovery results mimic the trends observed for the other
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evaluation parameters used in the analysis and are discussed in the next section.
7.4 Discussion
The subjective and objective performance metrics were chosen to provide a
complete yet concise description of the driver behavior and vehicle performance during
each ROR recovery. Lateral error is an important and complex factor during ROR
recovery since the driver needs to respond aggressively enough to keep the car from
traveling too far off the road but without overcorrecting and causing the vehicle to
overshoot the lane into oncoming traffic or off the opposite side of the road. In general,
it is desired that lateral error be minimized to avoid a collision with other obstacles
along the road. Table 7.2 does show a significant Pre/Post effect for all three roads
indicating that there was a change amongst all the participants between the pretests
and post-tests. Unfortunately, a significant interaction effect was not observed for
the lateral error parameter on any of the three driving scenarios, so there was no
effect that could be attributed to the training video. Table 7.1 shows a decreasing
trend in lateral error means from pretest to post-test for all three roads. In general,
all the subjects were able to reduce their lateral error for the post-test, however, the
improvement observed amongst the control group may be attributed to the practice
or learning effect. The lack of a significant difference between the two groups does
not necessarily indicate that the control group’s response was equally as safe as the
treatment group. The control subjects improved their lateral error in the post-tests
but the steering and stability results indicate that the treatment group accomplished
this task with less aggressive steering and a higher level of stability at least in the R1
(highway) scenario.
One of the most important results of this study is the significant interaction
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effect found for the steering parameter across all three driving scenarios. This effect
is important because overcorrection of the steering wheel has been shown to be one
of the primary critical factors in ROR crashes and is a commonly cited occurrence
in crash reports [7, 10]. The training video emphasizes the dangers of overcorrection
and equips drivers with much safer steering techniques for returning to the road. The
training video proves to be a success in this area with the trained drivers using over 30
percent less steering than the control group in the post-tests. Minimizing the amount
of steering used during recovery reduces the risk of overcorrection, loss of control, or
rollover. Most importantly this result proves that even a simple training video can
positively influence driver behavior in a simulated ROR event.
Despite the effects for the steering parameter, the same statistical significance
was not observed in all three roadway scenarios for the stability parameter results.
The highway scenario (R1) did receive a significant interaction effect which is a pos-
itive result since the high speeds associated with highway environments is known to
be a critical factor in ROR crashes [10, 137]. The nature of the stability calculation
is such that values less than or equal to one are desired, and as can be seen in Table
7.1, the treatment group on average reduced that value down 70 percent to 2.76. Al-
though this is still not below one, it represents much more stable and safer conditions
and would be expected to improve with training and practice in addition to the video.
The interaction effect was found to be non-significant for the horizontal curve
roadway (R2), however, there was a significant Pre/Post effect. Table 7.1 shows
a large decrease in mean value for the stability parameter for both groups. The
improvement of the treatment group, while larger than the control group, was not
distinguished enough to draw a significant effect from the training video. Overall,
fewer successful recoveries and low self-evaluated performance values indicated that
the horizontal curve was the most challenging scenario. This is also supported by crash
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statistics that show an increased number of ROR crashes on curved roadway sections
[10]. The added complexity of the road curvature creates an ROR scenario that is
highly sensitive to steering corrections and is very conducive to instability which may
have influenced the lack of statistical difference between the two groups. The benefit
of practice is evident by the significant Pre/Post effect and the improved stability
values amongst both groups. Given the difficulty of the scenario, it is anticipated
that additional practice time may have led to a more significant difference in the
treatment group’s response. Overall, both groups ended up performing the recovery
in a more stable and safe manner which is a positive result. Ideally, both the training
video and practice would be included in an actual driver training course, thus an
overall benefit is certainly expected.
Lastly, while the horizontal curve (R2) proved to be the more difficult scenario,
the rural road (R3) seemed to be the easiest to recover from. Only two spinouts were
observed in the treatment group during the pre-tests and most subjects recovered
with very small lateral error. The lack of difficulty in this scenario may have led
to homogeneity in the stability results between the treatment groups, causing any
effect of the training video to be undetected. The relatively high mean and standard
deviation observed in the pre-test stability results for the treatment group (see Table
7.1) are a result of the two subjects who overcorrected and loss control of the vehicle.
These two particular responses lead to stability values drastically different than the
rest of the group, yet were representative of valid recovery responses and were thus
not considered outlying data points. Finally, it should be noted that all the means are
below one indicating that most of the drivers were able to recover without pushing the
limits of stability reinforcing the suggestion that the rural road was less challenging.
The results of the analysis of the subjective data follow similar trends found in
the objective parameters and support many of the conclusions and observations men-
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tioned thus far. For the highway road (R1) a significant interaction effect was found
for both the demand survey and the performance survey parameters. The training
group felt that the recovery process was less demanding and that they performed bet-
ter following the training, whereas the control group mean values remained relatively
constant from pretest to post-test. The improvement of the treatment group over the
control group as indicated subjectively is consistent with the objective improvements
shown earlier for the highway. No significant interaction effects were found for the
subjective parameters in the horizontal curve scenario (R2) and no Pre/Post effect
was found for the demand survey parameter. This indicates that both groups did not
perceive much of a decrease in the mental and/or physical demand required during
the horizontal curve recovery and may suggest increased difficulty of this scenario.
The mean responses for the performance survey question also indicate an increased
difficulty level for the horizontal curve. The Pre/Post effect was significant, indicat-
ing participants felt that they did better on the post-test, however, Table 7.1 shows
that the post-test self-evaluated performance response mean for the treatment group
was very close in value to the control group. The lack of a greater value for the
treatment group may support the idea that a number of the treatment group par-
ticipants did not perform well the second time on the horizontal curve, thus leading
to a lack of significant results across the parameters. On the rural road (R3), a
significant interaction effect was found for the demand survey parameter, however,
the response means show that while the control group felt demand decreased, the
treatment group indicated demand increased from pretest to post-test. This may
be the result of the treatment group’s increased awareness of the recovery tasks and
associated difficulties after receiving specific instructions from the video. Although
lacking a significant interaction result, the performance survey results do indicate an
increasing trend amongst all the participants leading to a significant Pre/Post effect
182
but not enough in the training group to attribute the effect to the video. Again, the
rural road was much less challenging than the other two scenarios leading to most
participants performing similarly.
The unexpected and emergency nature of ROR implies that this study suffers
from a few limitations. First, despite attempts to maintain the element of surprise
during the simulated ROR events, the drivers were aware to some capacity that a
roadway departure was impending, especially after the first trial. Additionally, the
driving simulator environment does not afford the same life threatening sensations
that may be experienced during a real ROR event. The combination of surprise and
panic may elicit a different response to ROR than observed in the simulator, however,
this does not necessarily imply that that training will have no effect on drivers in a real
ROR scenario. In this study, drivers were also evaluated immediately after viewing
the training video so the concepts were fresh in their minds. A longitudinal study
could be used to not only evaluate long term effects of the training video on recovery
performance in the simulator but also track any ROR events which may occur within
the subject group and whether those drivers were able to recall and/or implement the
training during other ROR events. Lastly, the study results only reflect the effects
associated with the training video by itself. The improvements shown by the control
group may be attributed to the practice or learning effects in the simulator, a portion
of which is due to practice and gaining experience on how a vehicle handles in an
ROR scenario. This observed practice effect suggests that the combination of an
ROR training video along with personal instruction and practice could lead to even
more successful results than just with the video. The most powerful aspect of this
ROR countermeasure, however, is that it directly impacts the driver’s behavior and
can be implemented in any vehicle without the need for complex or costly technology.
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7.5 Conclusion
The results of this study suggest beneficial effects of a video-based ROR train-
ing program with practice and evaluation in a driving simulator. The positive influ-
ence of the training video on driver behavior in highway ROR scenarios is valuable
given high speeds and the potential for more severe crashes. The significant effect on
reducing steering inputs during recovery is also important, as overcorrection is known
to be a leading factor in ROR crashes. Additional efforts can be made to specifi-
cally address, in training, the increased difficulty associated with ROR recovery in
horizontal curves. This could additionally improve the positive trends shown in the
data along with practice and personal instruction. The results of this study illustrate
the powerful influence that driver education and training can have on helping drivers
gain skill and improve their reactions and performance during critical incidents. A
longitudinal study is needed to evaluate and understand the long term effects of such
training, however, both crash statistics and the results of this study suggest the po-
tential benefit of ROR training within early driver safety development training. This
study reveals a powerful ROR countermeasure which may have the potential to re-
duce the number of ROR crashes and thus reduce the number of injuries and fatalities
associated with the crash type.
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Chapter 8
Conclusion
Driving is a high risk task which many people today take for granted. If motor
vehicle fatalities and injuries are to be reduced, awareness of driving risks must rise
and safe driving practices must become second nature. Only then will drivers under-
stand the dangers of distracted driving and be pressured by others to put down their
devices. Only then will the life saving implications of wearing a seat-belt be recog-
nized to the extent that it naturally becomes the first task undertaken before shifting
into drive. A society with a strong awareness of traffic safety will also not hesitate to
discuss hazardous driving situations with family, friends, and/or co-workers to ensure
they are able to properly recognize and react to such events. However, the develop-
ment of a social norm which encourages drivers to be safer does not negate the need
for engineering solutions. In fact, the fullest potential of engineering systems is only
reached when the users or operators are properly educated and aware of the technol-
ogy’s design and purpose. This dissertation utilized both engineering and educational
methods to develop solutions for the devastating fatalities and injuries which occur as
the result of vehicle run-off-road (ROR) events. Ideally, these solutions will educate
drivers about the dangers of ROR and simultaneously provide the infrastructure to
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help increase the number of safe recoveries when a roadway departure occurs.
In Chapter 3 several control engineering techniques were investigated for the
development of an autonomous ROR vehicle recovery system. The linear quadratic
and sliding algorithms were shown to outperform the typical driver response as well
as a PID controller and a state flow controller. In Chapter 4, the linear quadratic and
sliding algorithm were investigated further under conditions including more complex
modeling, state estimation techniques, and sensor measurement noise. The sliding
controller exhibited varying responses depending on the simulation conditions and
induced a few unstable recoveries. The linear quadratic controller, however, proved
to be stable and robust amidst a variety of run-off-road simulation conditions. Fur-
ther work still remains to implement the linear quadratic algorithm in a prototype
system on a test vehicle and verify the successful results observed in simulation. The
development and testing still required to realize a commercially implementable au-
tonomous ROR recovery control system remains extensive, however, intelligent vehicle
systems are becoming increasingly common in new vehicle designs. An ROR safety
system could be critical in helping to reduce fatalities and injuries caused by vehicles
traveling off the roadway.
An autonomous ROR vehicle recovery system is a valuable engineering coun-
termeasure to the problem of roadway departure crashes; however, the development
time line for such technology limits the immediate benefits. Additionally, if traffic
safety is to become a conscious social norm, then such vehicle systems must not be
depended on but only considered as a final safety net when all else fails. Education
must be used in conjunction with vehicle safety systems to spread awareness and
equip drivers to handle hazardous scenarios such as ROR. Driver education is more
easily implemented from a time and resource perspective compared to vehicle safety
systems. However, for education methods to be effective they must be studied and
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evaluated to ensure positive results. In Chapter 5 a pilot study was conducted to
examine the potential of a video based ROR training program in a driving simulator.
The study indicated that drivers were able to improve their recovery performance
scores by over 78 percent after watching a video on ROR and taking some time to
practice their recovery skills in the simulator. The positive results observed in the pi-
lot study provided a strong indication of the potential impact that a simulator based
ROR training program could have on traffic safety.
The development of a driver education/training program should include thor-
ough evaluation to ensure that the principles and skills received by the drivers are
translated to safer driving and induce an overall positive effect. In the case of simu-
lator training, the simulated environment must include enough realism to make the
training relevant and the experience extendable to real life. In Chapter 6 a fixed-base
simulator environment was evaluated for its ability to recreate ROR scenarios for
training purposes. The participants of the study encountered a variety of different
ROR conditions as they drove in the simulator and their recovery performance was
documented. The results showed that factors including higher speeds, curved road-
way sections, and friction difference between the road and shoulder, all negatively
impacted recovery performance as observed in ROR crash data. Additionally, the
participants overreacted with their steering and/or braking inputs in over 54 percent
of the trial runs. This is a significant result since overcorrection is a major con-
cern and leading factor in ROR crashes. Therefore the validation study successfully
demonstrated the capabilities of the simulator for ROR training purposes.
Validation of the fixed-base simulator system for ROR training allowed for
the development and evaluation of an ROR training video. In Chapter 7 the effect
of an ROR training video on drivers’ recovery performance was evaluated through
a pre-post experiment. The training video had a significant positive effect on the
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treatment group’s steering response amongst all the roadway conditions examined
when compared to the control group who did not watch the training video. The
training video also influenced the treatment group’s stability and subjectively rated
demand and performance in the highway scenario. Overall, the treatment group
recovered more often (58 percent of the time) than the control group (45 percent of the
time). Some observations from the study also suggest that performance could increase
even more with additional practice time in the simulator. Further investigation,
through the use of a longitudinal study, is needed to evaluate the long term effects
of the training. However, some of the immediate benefits are clear from the study
results along with the fact that the training video helped provide information about
ROR that many drivers may not have realized and allowed them to practice their
recovery skills in a safe environment.
Altogether this dissertation includes several contributions to the traffic safety
community from both an engineering perspective and an educational perspective.
First, a robust autonomous vehicle recovery control algorithm was designed for ROR
and demonstrated numerically. Second, validation of a fixed-base simulator as an
effective tool for ROR testing analysis and driver training activities was conducted.
Thirdly, an ROR video training program was developed and evaluated in a simulator
with empirical results supporting performance improvements for drivers. Finally, this
dissertation and the research it represents have helped to create a public awareness
towards the seriousness of ROR crashes. Numerous study participants have been
educated about ROR and trained during the research process. The results have
been published in a variety of venues and many presentations have been given to
help spread this information. Additionally, partnerships with organizations such as
the Clemson University Institute for Global Road Safety and Security have formed
to progress these research efforts and save lives. More work is needed to integrate
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ROR training into current driver education programs and to develop an ROR vehicle
recovery system that is approved for commercial implementation. However, many
great efforts are already underway and as ROR crash awareness continues to spread,
the unfortunate effects of this driving hazard will continue to subside.
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Appendix A Run-Off-Road Training Pilot Study:
Questionnaires
Pre-Test Questionnaire:
1. Please indicate your gender:
a) Male b) Female
2. Please indicate your age group:
a) 18-28 years old b) 29-40 years old c) 41-65 years old
3. Please indicate the number of years of your driving experience:
a) 0-2 years b) 3-5 years c) 6-10 years d) 11-20 years e) 20+ years
4. Please indicate how you would rate yourself as a driver:
a) Excellent b) Good c) Average d) Fair e) Poor
5. Have you experienced a vehicle run-off-the road event before?
a) Yes b) No
6. Which condition would be more dangerous if your vehicle experienced a run-off-the-
road event?
a) 2 Wheels off the road condition b) 4 Wheels-off-the-road condition
7. At the instant when the vehicle runs off the road, you should control the vehicle by:
a) Steering straight and applying brakes
b) Steering straight and slowing down by coasting
c) Maintaining velocity while steering back onto road
d) Application of throttle to speed up
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8. The primary factor contributing to a run-off-the-road event is:
a) Driver error and inattention
b) Presence of obstacles on the road
c) Vehicle malfunction
d) Poor weather
9. If your vehicle runs off the road, in order to recover the vehicle back on to paved
surface, you would need to:
a) Rapidly turn the steering wheel to correct the direction of the vehicle
b) Turn the steering wheel steadily in small amounts
c) Turn the steering wheel in the left direction till the vehicle recovers
d) Continue driving without changing the angle of the steering wheel
10. Do you think the driver is likely to lose control of the vehicle when trying to recover
from a run-off-the-road event?
a) Yes b) No
11. What factors should be considered prior to a recovery event (mark all that apply)?
a) Adherence to traffic speed limits
b) Presence of barriers or oncoming vehicles
c) Vehicle height
d) Proper hand placement on the steering wheel
12. Have you ever attended a training program or a course to handle a vehicle run-off-
the-road event?
a) Yes b) No
13. Do you think that training for vehicle run-off-the-road events should be required in
order to get a driver’s license?
a) Yes b) No
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14. What percent of single vehicle accidents can be attributed to run-off-the-road events?
a) 10% b) 20% c) 40% d) 60%
15. How important is speed in safely recovering from a run-off-the-road event?
a) Unimportant b) Moderately important c) Crucial
16. How can roadways be designed to prevent run-off-the-road events? (Mark all that
apply)
a) Rumble strips
b) Improved curved road warning signs
c) Road shoulder widening
d) Skid-resistant pavement
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Post-Test Questionnaire:
1. Which condition would be more dangerous if your vehicle experienced a run-off-the-
road event?
a) 2 Wheels off the road condition b) 4 Wheels-off-the-road condition
2. At the instant when the vehicle runs off the road, you should control the vehicle by:
a) Steering straight and applying brakes
b) Steering straight and slowing down by coasting
c) Maintaining velocity while steering back onto road
d) Application of throttle to speed up
3. If your vehicle runs off the road, in order to recover the vehicle back on to paved
surface, you would need to:
a) Rapidly turn the steering wheel to correct the direction of the vehicle
b) Turn the steering wheel steadily in small amounts
c) Turn the steering wheel in the left direction till the vehicle recovers
d) Continue driving without changing the angle of the steering wheel
4. Do you think the driver is likely to lose control of the vehicle when trying to recover
from a run-off-the-road event?
a) Yes b) No
5. What factors should be considered prior to recovering vehicle onto the roadway(mark
all that apply)?
a) Adherence to traffic speed limits
b) Presence of barriers or oncoming vehicles
c) Vehicle height
d) Proper hand placement on the steering wheel
194
6. According to you, what would be the best strategy to overcome a run-of-the road
scenario?
a) Slowing down the vehicle and steering cautiously
b) Be aware of the scenario to avoid an occurrence
c) Severe use of steering
d) Call 911
7. Please choose among the given criteria, which of each would contribute higher to a
run-off-the road crash scenario:
i) Driving Time: Daytime Night time
ii) Vehicle Occupancy: Driver only Driver with a group
iii) Vehicle Type: Passenger vehicle Sports utility
iv) Roadway: Two lanes Three or more lanes
v) Speed: High Low
vi) Drinking: Alcohol Soda
vii) Distractions: Cellphone, text etc. None
8. Was the training exercise clear and concise?
a) Yes b) No
9. Do you think that training for vehicle run-off-the-road events should be required in
order to get a driver’s license?
a) Yes b) No
10. Was your experience with the automotive simulator satisfactory?
a) Yes b) No
If No, please mention why
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Appendix B Run-Off-Road Training Pilot Study:
Questionnaire Responses
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Table B.1: Responses to pre-test questionnaire shown in Appendix A
Subject
Question
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1 M 18-28 0-2 Average Y 2 c a b Y abcd N Y 40 Crucial ab
2 M 18-28 3-5 Excellent Y 4 b a b Y abd N Y 40 Crucial cd
3 M 18-28 0-2 Fair N 2 b a b Y bd N Y 10 Crucial bc
4 M 18-28 6-10 Good N 4 b a b Y b N N 20 Crucial a
5 M 18-28 3-5 Average Y 4 a a b N bc N Y 40 Moderate a
6 M 18-28 6-10 Excellent Y 4 a a b Y ab N Y 20 Crucial abcd
7 M 18-28 6-10 Excellent Y 2 b a b Y b N N 20 Crucial b
8 M 18-28 6-10 Good Y 2 b a c Y ab N Y 40 Moderate c
9 M 18-28 6-10 Good N 2 b a b Y abd N Y 10 Crucial abc
10 F 18-28 6-10 Excellent Y 4 c a b Y bc N Y 60 Moderate ab
11 M 18-28 3-5 Excellent Y 2 b a b Y bcd N Y 20 Crucial abcd
12 M 18-28 6-10 Excellent N 2 a b b Y ab N Y 10 Crucial ad
13 M 18-28 0-2 Good N 2 c d b Y b N Y 20 Crucial abc
14 M 29-40 6-10 Excellent N 4 b a b Y bd N N 20 Crucial abcd
15 F 18-28 0-2 Average N 4 b a b Y bc N Y 60 Crucial bc
16 M 18-28 3-5 Average N a a b Y bc N Y 10 Crucial abd
17 M 18-28 0-2 Average N 2 b b c Y b N Y 10 Crucial c
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Table B.2: Responses to post-test questionnaire shown in Appendix A
Subject
Question
1 2 3 4 5 6 7i 7ii 7iii 7iv 7v 7vi 7vii 8 9 10
1 2 b d Y abcd a b b b a a a a Y Y Y
2 4 b d Y bcd b b b a a a a a Y Y Y
3 4 b b N bd a b a a a a a a Y Y N
4 4 b b Y b a b b b a a a a Y N Y
5 4 b d Y ab a b b b a a a a Y Y Y
6 4 b a Y ab b b b b a a a a Y Y Y
7 2 b c Y b a b a b a a a a Y Y Y
8 2 b d Y bd ab b a b a a a a Y Y Y
9 2 b d Y abd a b a b a a a a Y Y Y
10 2 b d Y abcd a b b a a a a a Y Y Y
11 2 b a Y bcd c b b b a a a a Y Y Y
12 4 b b Y ab a b b a a a a a Y Y Y
13 2 c b Y b b b a b a a a a Y Y Y
14 4 b c Y abd ab b a a a a a a Y N Y
15 2 b a Y bd a b a a a a a a Y Y Y
16 4 b b Y bd b b a a a a a a Y Y N
17 2 b c Y b a b b a a a a a Y Y Y
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Appendix C Run-Off-Road Training Pilot Study:
Scoring Criteria and Performance Re-
sults
Table C.3: Scoring criteria and weighting for each evaluation factor. “NA” denotes
non-applicable criteria
j aij
K¯ij
3 2 1 0
1 10 Q1 = B NA NA Q1 = A,C,D
2 10 NA NA Q2 = A,B,D Q2 = C
3 10 uR < 25 25 ≤ uR < 37 37 ≤ ur < 50 50 ≤ uR
4 10 65 ≤ θL < 115 θL < 65 115 ≤ θL < 180 180 ≤ θL
5 10 65 ≤ θR < 115 θR < 65 115 ≤ θR < 180 180 ≤ θR
6 6 Rβ < 85 85 ≤ Rβ < 100 100 ≤ Rβ < 200 200 ≤ Rβ
7 6 Rψ˙ < 85 85 ≤ Rψ˙ < 100 100 ≤ Rψ˙ < 200 200 ≤ Rψ˙
8 15 −3.15 < ymax < −0.85 NA NA −0.85 ≤ ymax or ymax ≤ −3.15
9 8 ts = NO NA NA ts = YES
10 15 Rc = YES NA NA Rc = NO
Table C.4: Participant scores along with select demographic data for the pilot study
SIMP =
1
2
(S2 + S3)− S1
Sub.
No.
Gender
Age
Group
Driving
Experience (Yrs.)
Personal
Rating
ROR
Experience
S1 S2 S3 SIMP
1 M 18-28 0-2 Average Yes 53.7 87.3 87.3 33.7
2 M 18-28 0-2 Fair No 75.3 38.0 75.3 -18.7
3 M 18-28 6-10 Good No 47.0 86.7 86.7 39.7
4 M 18-28 3-5 Average Yes 24.7 86.7 86.7 62.0
5 M 18-28 6-10 Excellent Yes 62.0 80.0 83.3 19.7
6 M 18-28 6-10 Excellent Yes 57.7 78.7 75.3 19.3
7 M 18-28 6-10 Good Yes 22.0 54.7 90.0 50.3
8 M 18-28 6-10 Good No 53.7 81.3 82.7 28.3
9 F 18-28 6-10 Excellent Yes 24.7 80.7 84.0 57.7
10 M 18-28 3-5 Excellent Yes 53.0 79.3 89.3 31.3
11 M 18-28 6-10 Excellent No 10.0 86.7 86.7 76.7
12 M 18-28 0-2 Good No 30.0 54.7 66.7 30.7
13 M 18-28 6-10 Excellent No 57.0 79.3 88.0 26.7
14 F 29-40 0-2 Average No 28.7 76.0 86.7 52.7
15 M 18-28 3-5 Average No 61.3 91.3 91.3 30.0
16 M 18-28 0-2 Average No 80.0 76.7 76.7 -3.3
17 M 18-28 0-2 Good No 16.7 60.0 88.0 57.3
Average 44.6 75.2 83.8 35.0
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Appendix D Run-Off-Road Simulator Validation
Study: Questionnaires
Demographics Questionnaire:
Please answer the following questions to the best of your knowledge.
D1) What is your age?
D2) What is your gender (M or F)?
D3) What is your profession (or major if you’re in college)?
D4) How many years have you been driving (how long since you received your driver’s
license)? (Feel free to include fractions of years, for example 3.5 years)
D5) Please indicate how you would rate yourself as a driver.
(Poor) 1 - 2 - 3 - 4 - 5 (Excellent)
D6) Approximately how many miles do you typically drive a year? (Circle One)
<5,000 5,000-10,000 10,000-15,000 >15,000
D7) Have you experienced a vehicle run-off-road event before? (Y or N)
D8) Have you ever taken a novice driver education course? (Y or N)
D9) Have you ever attended an advance driver training program (e.g. a course focused on
safe driving practices)? (Y or N)
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Task Load Questionnaire:
Think about the scenario which you just drove. Please select a number below each question
which best describes your answer to that question.
P1) Mental Demand: How much mental activity was required to recover the vehicle
(e.g. thinking, deciding, calculating, remembering, looking, searching, etc.)?
(Low) 1 - 2 - 3 - 4 - 5 - 6 - 7 (High)
P2) Physical Demand: How much physical activity was required to recover the vehicle
(e.g. pushing, pulling, turning, controlling, etc.)?
(Low) 1 - 2 - 3 - 4 - 5 - 6 - 7 (High)
P3) Temporal Demand: How much time pressure did you feel due to the rate or pace
at which the recovery or recovery elements occurred?
(Low) 1 - 2 - 3 - 4 - 5 - 6 - 7 (High)
P4) Performance: How successful do you think you were in recovering the vehicle?
(Poor) 1 - 2 - 3 - 4 - 5 - 6 - 7 (Good)
P5) Frustration Level: How anxious did you feel during the recovery?
(Low) 1 - 2 - 3 - 4 - 5 - 6 - 7 (High)
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Appendix E Run-Off-Road Simulator Validation Study:
Questionnaire Responses
Table E.1: Responses to demographics questionnaire shown in Appendix D
Subject
Question
D1 D2 D3 D4 D5 D6 D7 D8 D9
1 20 F Psychology 5 3 2 N Y N
2 21 M Civil Engineering 4.5 4 1 N Y Y
3 20 F Psychology 5 4 2 Y Y N
4 21 F Psychology 5 3 2 N Y Y
5 24 M Automotive Retail 8.5 4 1 N Y Y
6 19 M Pre-Business 3.3 5 3 N Y N
7 18 F Business 3.5 3 2 N Y N
8 18 F Health Science 3 4 1 Y Y N
9 18 F Health Science 2 4 2 N N N
10 18 F Pre-Business 2 4 3 Y Y N
11 18 F Pre-Rehabilitation 3.5 4 2 N Y N
12 18 F Undeclared 2 4 1 N N N
13 18 M Microbiology 3 4 2 N Y N
14 18 M General Engineering 3 2 1 Y Y Y
15 19 M English 2.5 4 1 Y Y Y
16 18 F Sociology 3.75 4 2 N Y Y
17 18 F Health Science 2.5 4 1 N Y N
18 18 F Engineering 3 4 2 N Y N
19 18 F Pre-Business 1.5 3 2 Y Y N
20 18 F Psychology 1 3 2 N N N
21 18 F Health Science 2.5 4 2 N Y N
22 20 M Graphic Communications 3 4 1 N Y Y
23 18 F Biochemistry 3 4 2 N Y N
24 18 F Pre-Business 1.5 3 1 N N N
25 21 F Sociology/Criminal Justice 6 3 1 N Y N
26 18 F Education 2.5 4 1 N Y Y
27 20 F Psychology 4 2 2 N Y N
28 18 F Graphic Communications 2.9 4 1 N Y N
29 18 F Economics 2.5 4 3 Y Y N
30 18 M Chemical Engineering 2.5 4 3 Y Y N
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Table E.2: Responses to task load questionnaire shown in Appendix D for subjects
1-6
Subject Test
Question
Test
Question
P1 P2 P3 P4 P5 P1 P2 P3 P4 P5
1
1 3 3 4 4 4 9 5 4 5 3 6
2 4 3 3 5 4 10 5 4 4 4 4
3 3 3 4 5 4 11 3 3 4 5 4
4 4 4 4 5 4 12 4 4 5 2 6
5 4 3 4 5 4 13 4 3 5 3 5
6 5 3 5 4 6 14 4 3 5 4 6
7 3 4 4 5 5 15 4 3 5 3 5
8 5 5 6 6 7 16 5 3 4 4 5
2
1 3 2 5 7 5 9 6 6 2 1 3
2 2 2 3 7 2 10 7 7 3 1 4
3 1 1 1 7 3 11 6 5 7 2 7
4 4 3 1 7 3 12 6 6 7 7 7
5 1 2 1 5 3 13 4 5 6 1 6
6 6 2 2 7 3 14 5 5 6 1 6
7 2 2 3 4 3 15 6 4 6 1 6
8 2 2 1 6 1 16 6 7 1 2 6
3
1 3 3 2 6 4 9 4 4 3 7 3
2 3 6 3 5 4 10 6 6 6 2 7
3 5 3 3 5 4 11 2 2 2 6 4
4 4 3 3 6 7 12 7 7 6 2 7
5 3 3 3 5 4 13 2 2 2 7 3
6 3 3 3 6 7 14 7 7 7 1 7
7 3 3 3 6 6 15 5 5 6 3 6
8 5 5 4 4 7 16 7 7 7 1 7
4
1 1 1 2 5 2 9 2 3 3 6 3
2 2 3 4 4 4 10 5 5 4 5 5
3 1 1 2 6 2 11 2 2 5 4 2
4 1 1 3 6 2 12 3 3 4 6 3
5 1 1 2 6 2 13 2 3 5 4 5
6 2 2 3 6 3 14 3 4 4 5 4
7 2 2 3 4 4 15 2 3 4 3 5
8 2 2 4 5 4 16 6 6 5 3 6
5
1 3 2 3 6 2 9 2 2 2 7 2
2 5 3 2 6 2 10 6 5 3 2 5
3 2 6 6 2 6 11 5 2 3 4 2
4 2 2 3 7 1 12 4 5 6 1 5
5 2 4 1 6 2 13 3 3 4 5 5
6 4 2 3 5 4 14 4 2 5 1 2
7 1 3 2 6 2 15 1 2 1 7 2
8 4 3 5 4 4 16 7 3 6 1 5
6
1 2 1 2 6 2 9 2 1 2 7 2
2 1 1 1 7 1 10 5 5 4 5 3
3 2 1 2 7 2 11 2 2 3 5 2
4 5 5 5 6 4 12 7 7 6 3 5
5 3 2 2 6 2 13 6 6 7 3 6
6 2 1 2 7 2 14 4 3 4 4 3
7 1 1 1 6 1 15 7 6 6 2 5
8 1 1 1 7 1 16 3 2 2 7 1
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Table E.3: Responses to task load questionnaire shown in Appendix D for subjects
7-12
Subject Test
Question
Test
Question
P1 P2 P3 P4 P5 P1 P2 P3 P4 P5
7
1 4 2 3 4 1 9 4 3 3 4 3
2 4 4 4 5 2 10 2 1 3 3 1
3 4 1 3 5 2 11 3 3 3 6 1
4 2 3 2 5 1 12 5 4 4 3 3
5 3 3 2 4 1 13 5 4 4 3 4
6 4 4 3 5 2 14 6 7 6 1 6
7 3 2 1 6 1 15 4 4 3 4 3
8 3 2 3 3 2 16 7 7 6 1 6
8
1 2 2 2 7 2 9 2 2 1 7 2
2 1 2 1 7 1 10 4 5 7 2 5
3 3 2 3 7 2 11 3 2 2 7 2
4 2 2 3 6 2 12 3 6 3 3 6
5 2 1 2 7 1 13 2 2 3 7 3
6 7 6 6 2 6 14 4 6 5 2 5
7 3 3 2 7 3 15 4 5 5 2 5
8 1 1 2 7 1 16 6 7 6 3 4
9
1 1 1 1 7 1 9 2 1 3 5 3
2 4 4 6 1 5 10 2 1 2 6 2
3 2 1 1 7 1 11 1 1 1 7 2
4 2 2 2 7 2 12 5 4 5 1 5
5 2 1 1 5 3 13 2 2 2 6 3
6 1 1 1 7 2 14 6 6 5 2 5
7 2 2 3 2 3 15 2 1 2 7 1
8 1 1 2 7 2 16 2 1 3 5 3
10
1 4 3 4 7 4 9 6 5 6 6 5
2 6 7 7 1 7 10 5 6 6 5 5
3 6 5 6 4 5 11 6 6 5 3 6
4 5 4 4 6 4 12 7 6 7 4 7
5 5 4 3 6 1 13 6 7 7 1 7
6 5 6 5 5 6 14 7 7 7 1 7
7 5 4 5 6 5 15 6 6 7 1 7
8 4 4 4 6 4 16 6 7 7 1 7
11
1 3 2 3 6 2 9 3 3 4 5 4
2 4 4 3 3 4 10 5 5 5 2 6
3 5 4 4 5 6 11 3 3 4 6 3
4 4 3 4 4 3 12 4 4 5 3 5
5 3 3 3 6 4 13 3 3 4 5 4
6 4 4 5 5 5 14 5 5 6 2 6
7 3 2 3 6 3 15 4 3 4 4 3
8 6 6 5 2 6 16 5 5 6 2 6
12
1 2 1 1 5 2 9 6 6 6 3 4
2 2 3 3 5 3 10 4 3 4 6 3
3 3 3 2 5 2 11 2 1 2 6 2
4 3 3 2 5 3 12 5 3 4 4 3
5 3 2 3 5 3 13 3 2 3 5 3
6 3 2 2 5 3 14 4 5 5 1 4
7 3 2 3 5 2 15 5 6 6 4 5
8 3 3 2 5 3 16 6 5 4 5 4
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Table E.4: Responses to task load questionnaire shown in Appendix D for subjects
13-18
Subject Test
Question
Test
Question
P1 P2 P3 P4 P5 P1 P2 P3 P4 P5
13
1 6 3 6 7 6 9 6 4 1 7 5
2 5 4 4 7 5 10 6 5 6 6 6
3 6 5 6 6 5 11 7 5 5 5 5
4 6 5 6 5 5 12 6 6 4 6 5
5 6 5 4 6 5 13 5 5 5 7 5
6 6 4 5 7 4 14 5 6 6 5 6
7 5 5 6 6 6 15 7 6 5 4 5
8 5 6 7 6 7 16 6 5 5 3 6
14
1 3 2 6 4 5 9 4 5 3 3 5
2 2 2 4 4 3 10 5 3 6 4 5
3 3 2 3 3 5 11 3 2 5 3 5
4 4 3 5 6 6 12 2 2 1 2 3
5 2 2 5 6 5 13 2 3 2 4 3
6 4 4 5 3 6 14 5 5 4 1 5
7 4 2 5 6 5 15 3 4 3 1 3
8 2 3 4 4 4 16 5 4 6 2 5
15
1 3 1 1 7 2 9 4 2 2 7 3
2 3 1 1 7 2 10 3 5 1 1 1
3 4 3 1 5 1 11 2 5 2 1 1
4 4 2 2 7 3 12 3 4 1 4 1
5 3 7 1 1 3 13 4 2 1 6 1
6 4 2 1 6 2 14 3 2 1 7 2
7 3 6 2 1 3 15 4 2 2 7 2
8 3 3 1 7 2 16 3 4 1 1 3
16
1 4 4 3 7 3 9 7 7 7 1 7
2 5 5 3 7 5 10 5 5 4 2 7
3 4 4 3 7 3 11 4 5 3 6 5
4 4 4 2 7 2 12 6 5 3 7 4
5 4 4 3 7 2 13 7 7 7 1 7
6 4 4 2 4 4 14 7 7 7 3 7
7 5 4 3 6 4 15 5 4 4 7 4
8 4 5 5 7 5 16 7 7 7 4 7
17
1 2 5 6 2 4 9 2 1 1 5 2
2 3 4 3 2 3 10 1 3 3 3 2
3 1 2 2 4 2 11 1 1 2 6 4
4 2 2 1 5 1 12 3 4 3 1 3
5 3 2 2 5 2 13 2 2 2 2 3
6 1 1 1 6 1 14 4 5 4 1 4
7 1 2 1 6 1 15 2 2 3 4 3
8 3 2 3 3 3 16 3 6 4 1 4
18
1 1 1 1 5 1 9 4 2 3 6 3
2 3 3 2 6 3 10 4 4 4 4 4
3 2 1 1 7 1 11 1 1 1 6 2
4 5 2 3 3 4 12 5 3 3 4 4
5 2 2 1 3 1 13 3 3 2 5 4
6 5 3 4 4 5 14 5 4 6 1 4
7 2 2 2 5 2 15 5 4 4 2 5
8 4 3 5 5 4 16 6 5 7 1 5
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Table E.5: Responses to task load questionnaire shown in Appendix D for subjects
19-24
Subject Test
Question
Test
Question
P1 P2 P3 P4 P5 P1 P2 P3 P4 P5
19
1 2 1 2 6 1 9 2 3 3 5 2
2 2 2 3 6 2 10 4 5 6 1 6
3 2 2 3 5 2 11 3 2 2 4 2
4 1 1 1 5 3 12 5 4 5 1 5
5 2 2 3 4 2 13 2 2 1 6 2
6 3 3 3 5 2 14 6 4 6 1 5
7 2 2 1 7 1 15 2 2 3 4 2
8 4 3 3 1 1 16 7 7 6 1 6
20
1 3 2 5 4 4 9 3 4 4 3 4
2 6 6 6 1 7 10 3 4 4 2 4
3 2 1 1 6 2 11 4 4 5 3 5
4 2 2 4 6 3 12 4 3 5 3 5
5 1 1 2 7 2 13 5 5 5 2 6
6 2 1 3 7 2 14 5 6 6 2 6
7 2 2 3 7 2 15 5 4 5 2 6
8 2 2 4 7 2 16 6 6 6 1 6
21
1 4 3 3 6 4 9 5 4 5 5 5
2 5 4 3 2 4 10 5 4 5 5 4
3 4 2 3 6 3 11 3 3 4 6 3
4 6 5 6 2 5 12 6 5 3 2 5
5 4 3 2 6 3 13 3 3 2 6 3
6 5 4 3 2 4 14 5 6 4 4 4
7 4 3 2 5 3 15 3 3 2 6 3
8 5 4 4 5 4 16 6 5 4 2 5
22
1 1 1 1 7 1 9 2 2 2 7 2
2 2 1 1 6 1 10 7 7 6 1 6
3 3 3 2 4 3 11 2 2 1 7 2
4 3 3 3 5 4 12 6 7 6 1 6
5 2 3 2 6 2 13 6 6 5 1 5
6 3 4 3 4 3 14 5 5 5 3 5
7 4 4 3 4 4 15 3 3 4 6 4
8 4 2 3 7 3 16 5 5 5 2 4
23
1 3 3 4 4 4 9 2 2 2 7 2
2 2 2 3 7 2 10 2 2 2 7 2
3 1 2 1 7 3 11 2 1 2 7 2
4 2 1 3 7 2 12 3 2 3 6 3
5 2 3 4 5 4 13 2 1 2 7 1
6 3 3 5 4 4 14 4 5 6 5 6
7 2 2 2 6 2 15 2 2 3 7 2
8 2 4 4 4 3 16 4 4 7 1 6
24
1 1 3 3 6 3 9 2 4 2 5 3
2 1 2 5 2 4 10 2 4 2 2 3
3 2 2 2 7 2 11 2 5 3 5 2
4 1 1 3 7 1 12 2 7 3 1 5
5 1 2 2 7 2 13 1 3 1 2 2
6 6 7 5 1 4 14 3 6 4 1 1
7 1 2 1 7 1 15 1 2 2 6 2
8 6 6 4 1 2 16 7 7 2 1 3
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Table E.6: Responses to task load questionnaire shown in Appendix D for subjects
25-30
Subject Test
Question
Test
Question
P1 P2 P3 P4 P5 P1 P2 P3 P4 P5
25
1 3 3 3 4 3 9 3 3 3 3 4
2 4 3 3 1 4 10 7 7 5 1 6
3 3 3 3 6 4 11 5 3 3 3 3
4 3 3 3 6 3 12 5 5 4 5 4
5 3 2 2 6 3 13 3 3 3 6 3
6 3 2 3 5 3 14 6 5 4 1 5
7 4 3 3 5 3 15 7 7 7 1 7
8 4 4 3 6 3 16 5 5 5 1 5
26
1 2 1 1 7 1 9 2 2 1 7 1
2 3 2 2 6 2 10 3 3 2 3 3
3 2 1 1 6 2 11 2 2 1 4 2
4 3 2 2 7 3 12 3 3 3 4 3
5 2 2 2 6 2 13 3 3 3 5 3
6 3 2 1 7 2 14 5 4 4 4 4
7 2 3 2 6 3 15 4 4 4 3 4
8 2 2 1 7 2 16 3 2 4 3 4
27
1 1 2 1 3 2 9 2 1 1 5 1
2 4 3 3 3 3 10 4 4 3 2 3
3 3 2 2 4 1 11 2 1 1 5 1
4 4 3 4 3 3 12 4 3 3 2 4
5 4 2 4 2 3 13 3 2 2 2 2
6 4 3 3 4 2 14 4 4 4 2 3
7 2 1 1 4 1 15 3 2 2 2 1
8 6 4 4 1 4 16 5 3 4 1 4
28
1 3 3 4 3 5 9 2 2 2 6 3
2 1 1 1 6 2 10 5 4 5 1 6
3 1 1 1 5 3 11 1 1 1 6 1
4 2 3 3 4 3 12 4 6 5 2 5
5 3 3 5 3 4 13 3 4 5 2 5
6 1 1 2 6 2 14 4 5 5 1 5
7 1 2 2 6 2 15 6 5 6 1 6
8 6 6 7 1 7 16 3 4 5 1 5
29
1 2 1 1 6 1 9 3 1 1 6 2
2 3 1 2 6 2 10 2 2 2 5 2
3 2 2 1 6 2 11 1 2 1 6 2
4 1 1 2 7 2 12 2 2 2 6 2
5 2 2 1 7 1 13 2 2 1 5 2
6 1 1 2 6 1 14 4 4 4 3 3
7 1 1 1 6 1 15 4 3 4 3 3
8 1 1 1 7 1 16 3 5 4 2 3
30
1 3 4 4 6 5 9 3 3 4 6 4
2 3 4 3 6 4 10 3 3 4 6 5
3 4 4 5 6 4 11 4 4 5 3 6
4 4 4 5 6 5 12 5 5 5 5 5
5 3 4 4 6 4 13 4 5 6 3 6
6 5 5 5 3 6 14 5 5 6 4 6
7 4 4 4 6 5 15 3 4 3 6 4
8 4 4 5 6 4 16 4 5 5 4 6
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Appendix F Video Based Run-Off-Road Training
Study: Questionnaires
Demographics Questionnaire:
Please answer the following questions to the best of your knowledge.
D1) What is your age?
D2) What is your gender (M or F)?
D3) What is your profession (or major if you’re in college)?
D4) How many years since you received your driver’s license? (Feel free to include fractions
of years, for example 3.5 years)
D5) Please indicate how you would rate yourself as a driver.
(Poor) 1 - 2 - 3 - 4 - 5 (Excellent)
D6) Approximately how many miles do you typically drive a year? (Circle One)
<5,000 5,000-10,000 10,000-15,000 >15,000
D7) Have you experienced a vehicle run-off-road event before? (Y or N)
D8) Have you ever taken a novice (beginner) driver education course? (Y or N)
D9) Have you ever attended an advanced driver training program (e.g. a specific course
focused on safe driving practices)? (Y or N)
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Task Load Questionnaire:
For questions 1-5, please indicate the level you think is more pertinent to answer the fol-
lowing questions.
P1) Mental Demand: How much mental activity was required to recover the vehicle
(e.g. thinking, deciding, calculating, remembering, looking, searching, etc.)?
(Low) 1 - 2 - 3 - 4 - 5 - 6 - 7 (High)
P2) Physical Demand: How much physical activity was required to recover the vehicle
(e.g. pushing, pulling, turning, controlling, etc.)?
(Low) 1 - 2 - 3 - 4 - 5 - 6 - 7 (High)
P3) Temporal Demand: How much time pressure did you feel due to the rate or pace
at which the recovery or recovery elements occurred?
(Low) 1 - 2 - 3 - 4 - 5 - 6 - 7 (High)
P4) Performance: How successful do you think you were in recovering the vehicle?
(Poor) 1 - 2 - 3 - 4 - 5 - 6 - 7 (Good)
P5) Frustration Level: How anxious did you feel during the recovery?
(Low) 1 - 2 - 3 - 4 - 5 - 6 - 7 (High)
209
Post-Test Questionnaire:
Please briefly (a sentence or two) answer the following questions to the best of your knowl-
edge.
1. What percentage of motor vehicle fatalities can be attributed to run-off-road?
2. Please list some roadway factors which make run-off-road dangerous.
3. How should you initially handle your vehicle if it begins to run off the road?
4. What is a safe speed for returning back to the road after an ROR event?
5. Please list the things you should consider before bringing your vehicle back onto the
road after an ROR event.
6. Just before you return to the road, how should you position your vehicle (with respect
to the roadway edge) when 2 wheels are off? When 4 wheels are off?
7. Please briefly describe the safest steering maneuver to get back on the road (including
how much to turn and when).
8. Additional Comments about the Simulator or Training Video:
210
Appendix G Video Based Run-Off-Road Training
Study: Questionnaire Responses
Table G.1: Responses to demographics questionnaire shown in Appendix F for sub-
jects 1-30
Subject
Question
D1 D2 D3 D4 D5 D6 D7 D8 D9
1 20 F Psychology 4.5 4 2 Y Y N
2 20 M Bio Engineering 4 4 3 N Y N
3 19 M Bio Sciences 3 4 2 N Y N
4 19 M Architecture 3 4 2 Y Y Y
5 20 F Bio Chemistry 5 4 2 N Y N
6 20 M Electrical Engineering 5 5 2 N Y N
7 18 F Food Science 1.5 3 1 Y Y N
8 19 F Food Science 3 4 1 N Y N
9 19 F Psychology 2.4 3 1 N Y Y
10 18 M Chemistry 2.5 4 2 N Y Y
11 33 F Mechanical Engineering 16 4 3 N N Y
12 19 F Audio Visual Sciences 3 3 2 N Y Y
13 21 F Bio Sciences 5.5 4 3 Y Y Y
14 19 F Bio Sciences 3.5 4 1 N Y N
15 19 F Psychology 2 4 1 N Y N
16 19 M Bio Sciences 4 4 3 N Y N
17 19 F Bio Chemistry 2.5 5 1 N Y N
18 19 F Psychology 3 4 1 Y Y Y
19 20 M Theater 5 5 3 Y Y N
20 19 F Recreational Therapy 4.75 3 2 N Y N
21 25 F Electrical Engineering 3 4 1 N N N
22 20 F Psychology 3 4 2 N Y N
23 19 F Nursing 4 3 2 N Y N
24 18 M Communications 2.3 5 2 N Y N
25 19 F Chemistry 3 4 3 N Y Y
26 22 F Psychology 7 4 3 N Y N
27 19 M Undeclared 2.5 3 2 N Y N
28 20 F Env. & Nat. Res. Mngmt. 4 3 3 N Y N
29 18 F Psychology 1 2 1 N N N
30 19 F Political Science 2 3 1 N Y N
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Table G.2: Responses to demographics questionnaire shown in Appendix F for sub-
jects 31-75
Subject
Question
D1 D2 D3 D4 D5 D6 D7 D8 D9
31 19 M Mechanical Engineering 3.5 5 2 Y Y N
32 22 F Bio Sciences 6 4 2 N Y N
33 19 M Computer Science 4 4 2 N Y Y
34 18 F Education 2.5 3 2 N Y N
35 19 F Biology 1.5 4 1 N Y N
36 19 F Health Science 4 5 1 N Y N
37 21 F Genetics 6.5 4 2 N Y N
38 22 M Mechanical Engineering 6 5 1 N Y N
39 21 F Psychology 3 4 2 N N Y
40 22 M Mechanical Engineering 6 4 2 N N N
41 20 M Environmental Engineering 4.5 4 2 Y Y N
42 18 M Political Science 2.5 4 3 Y Y N
43 18 F Food Science 3 3 2 N Y N
44 20 F Marketing 4.5 4 4 Y Y N
45 22 M Biological Sciences 6.5 4 4 Y Y N
46 20 F Biological Sciences 4.5 3 2 N Y N
47 24 M Mechanical Engineering 7 4 2 N Y N
48 19 F Nursing 4 4 2 N Y N
49 22 M Biological Sciences 6.3 4 3 Y Y N
50 22 M Mechanical Engineering 6 4 1 N N N
51 24 M Mechanical Engineering 9 5 4 Y Y N
52 22 M Mechanical Engineering 6 4 1 N Y N
53 24 M Mechanical Engineering 9.5 4 4 Y Y N
54 25 M Mechanical Engineering 10 4 3 Y Y Y
55 23 M Mechanical Engineering 7.5 5 4 Y Y N
56 23 M Mechanical Engineering 7 5 3 Y Y N
57 22 M Mechanical Engineering 6.5 4 3 Y N N
58 23 M Mechanical Engineering 8.5 4 4 Y Y N
59 23 M Mechanical Engineering 6.5 4 3 N Y N
60 36 M Mechanical Engineering 20 5 4 Y Y N
61 21 M Mechanical Engineering 6 4 2 Y Y N
62 22 M Mechanical Engineering 4 4 3 N Y N
63 21 F Mechanical Engineering 6 4 2 N Y Y
64 23 M Mechanical Engineering 8 3 4 Y Y N
65 23 M Mechanical Engineering 7.5 5 3 Y Y N
66 23 M Mechanical Engineering 6 4 2 Y Y N
67 22 M Mechanical Engineering 7 3 4 Y Y N
68 24 M Mechanical Engineering 8 5 2 N Y N
69 25 M Mechanical Engineering 9.5 5 3 N Y N
70 22 M Mechanical Engineering 5 4 2 N Y Y
71 22 M Mechanical Engineering 5 4 1 Y Y N
72 21 M Mechanical Engineering 6.5 4 2 Y Y N
73 22 M Mechanical Engineering 6 4 2 N Y N
74 21 M Mechanical Engineering 5 4 2 N Y N
75 22 M Mechanical Engineering 5.1 4 2 N Y N
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Table G.3: Responses to task load questionnaire shown in Appendix F for subjects
1-16
Subject Group Road
Pre-Test Post-Test
P1 P2 P3 P4 P5 P1 P2 P3 P4 P5
1 Treatment
R1 4 4 5 4 4 6 6 6 1 5
R2 4 4 1 3 3 4 3 4 2 3
R3 2 1 3 5 3 2 3 2 5 3
2 Control
R1 4 4 5 5 5 6 6 6 2 6
R2 4 3 4 4 3 4 4 4 6 4
R3 4 4 5 5 5 4 4 3 6 3
3 Treatment
R1 7 7 7 1 7 3 3 3 6 3
R2 4 4 4 4 6 3 2 3 6 2
R3 4 3 3 5 3 3 2 3 6 2
4 Control
R1 6 7 5 4 3 6 5 4 7 3
R2 5 7 6 1 6 5 5 3 3 3
R3 4 6 5 5 4 5 6 2 4 4
5 Treatment
R1 3 3 3 1 3 5 5 4 3 4
R2 4 5 3 3 5 4 4 2 1 5
R3 3 2 1 7 2 2 2 1 7 2
6 Treatment
R1 5 5 7 3 6 4 3 4 7 3
R2 4 3 5 3 5 6 5 7 2 6
R3 2 2 2 7 1 2 2 2 7 1
7 Treatment
R1 4 3 4 5 4 5 2 4 6 3
R2 6 5 6 2 6 6 6 6 1 6
R3 5 2 3 6 4 6 4 5 4 5
8 Control
R1 2 2 2 6 4 2 1 2 6 4
R2 3 4 4 2 5 3 3 4 3 5
R3 2 1 2 7 3 1 1 1 7 2
9 Treatment
R1 5 5 4 3 4 5 5 5 3 4
R2 4 3 4 4 3 5 4 4 3 4
R3 3 4 3 5 3 3 2 2 6 2
10 Treatment
R1 3 2 2 7 3 3 4 3 6 3
R2 5 4 3 1 4 4 5 4 2 4
R3 2 1 2 6 3 2 3 4 6 3
11 Treatment
R1 6 5 6 5 6 6 5 6 2 6
R2 5 4 6 2 5 6 5 4 4 3
R3 5 4 5 5 5 4 3 4 5 2
12 Control
R1 7 5 7 1 5 5 3 5 1 5
R2 6 5 6 1 5 7 7 7 1 6
R3 5 3 5 6 4 5 3 4 7 4
13 Treatment
R1 4 5 5 3 3 4 3 3 5 2
R2 5 5 5 1 4 3 2 3 5 2
R3 2 1 2 5 2 2 2 2 5 1
14 Treatment
R1 3 4 6 1 7 4 4 6 1 5
R2 2 2 6 1 7 3 2 5 4 5
R3 3 5 3 5 5 1 2 4 4 5
15 Control
R1 6 6 5 4 5 4 5 5 4 4
R2 7 7 7 3 7 2 4 3 6 2
R3 6 7 7 5 6 1 2 2 7 1
16 Treatment
R1 6 7 7 1 6 4 4 4 6 4
R2 4 4 5 2 5 4 4 4 5 4
R3 3 2 3 5 4 3 3 3 6 3
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Table G.4: Responses to task load questionnaire shown in Appendix F for subjects
17-32
Subject Group Road
Pre-Test Post-Test
P1 P2 P3 P4 P5 P1 P2 P3 P4 P5
17 Treatment
R1 1 1 1 6 1 2 2 4 2 4
R2 2 1 2 4 3 5 3 6 1 5
R3 1 1 2 4 3 6 4 7 1 6
18 Treatment
R1 4 5 3 1 3 3 2 3 6 5
R2 3 2 4 2 3 5 3 3 5 3
R3 2 3 6 6 6 3 2 2 6 3
19 Treatment
R1 2 2 3 6 2 2 2 1 5 2
R2 2 1 2 6 2 1 1 2 5 2
R3 1 1 2 6 1 2 1 1 6 1
20 Control
R1 5 5 6 1 5 3 3 4 4 4
R2 4 4 5 3 5 4 4 5 3 5
R3 5 5 6 4 4 4 3 4 5 3
21 Treatment
R1 6 7 3 2 2 6 7 3 3 3
R2 6 7 3 3 3 5 6 2 4 2
R3 6 7 1 7 1 4 6 1 6 2
22 Control
R1 5 3 4 5 3 6 6 6 2 5
R2 4 4 5 3 4 5 6 4 3 4
R3 2 1 3 6 2 2 1 1 6 2
23 Treatment
R1 6 7 7 1 7 6 5 5 4 5
R2 4 5 4 3 5 6 7 6 1 7
R3 5 4 5 3 6 5 4 3 5 4
24 Treatment
R1 6 5 5 2 5 3 3 2 6 4
R2 4 3 3 5 4 3 3 2 6 3
R3 4 3 1 5 3 2 1 1 7 2
25 Control
R1 4 3 3 4 3 6 6 6 2 5
R2 6 6 5 3 5 6 5 5 4 3
R3 2 3 2 6 2 2 2 2 6 1
26 Control
R1 5 5 6 4 6 5 6 5 4 5
R2 3 3 6 5 4 5 5 5 4 5
R3 3 5 4 4 4 3 2 3 6 3
27 Treatment
R1 5 5 6 2 5 5 3 3 5 4
R2 4 3 4 5 3 4 2 3 6 3
R3 2 1 1 6 2 3 2 2 5 3
28 Treatment
R1 6 7 6 2 6 4 3 2 6 3
R2 4 4 5 5 5 3 4 4 5 3
R3 3 2 2 7 4 2 1 1 7 1
29 Treatment
R1 4 3 3 7 6 1 1 1 7 1
R2 6 7 7 1 7 7 5 6 2 5
R3 3 3 3 3 5 4 1 1 7 1
30 Control
R1 5 6 6 2 4 5 5 5 2 5
R2 4 5 4 2 3 2 2 2 4 2
R3 2 2 2 4 3 2 2 2 5 2
31 Treatment
R1 4 5 6 1 4 4 5 5 7 3
R2 6 5 5 1 6 5 5 5 1 5
R3 1 2 2 7 2 2 3 2 7 1
32 Treatment
R1 3 4 3 4 4 4 5 4 3 4
R2 4 5 4 2 5 5 3 3 3 4
R3 3 3 2 5 4 4 5 3 5 3
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Table G.5: Responses to task load questionnaire shown in Appendix F for subjects
33-48
Subject Group Road
Pre-Test Post-Test
P1 P2 P3 P4 P5 P1 P2 P3 P4 P5
33 Treatment
R1 4 1 4 7 3 4 1 2 6 2
R2 5 3 7 1 3 6 3 5 3 4
R3 5 1 6 6 2 3 1 3 6 2
34 Treatment
R1 4 5 5 1 4 3 3 3 7 3
R2 5 4 4 1 4 3 1 3 6 2
R3 3 3 3 6 2 3 1 2 6 2
35 Treatment
R1 6 6 7 1 5 7 6 5 2 4
R2 6 5 4 2 4 6 6 6 2 4
R3 6 5 5 4 4 6 5 5 2 4
36 Treatment
R1 4 5 5 2 6 3 3 2 6 2
R2 3 3 3 5 4 3 3 3 4 3
R3 2 2 2 7 2 2 2 2 7 2
37 Treatment
R1 4 6 7 1 6 4 3 2 1 5
R2 7 5 6 1 4 7 4 3 1 5
R3 4 2 5 1 3 4 3 1 7 2
38 Treatment
R1 6 4 6 1 6 5 2 3 6 2
R2 7 3 6 1 7 5 3 3 6 2
R3 5 3 5 5 5 4 2 2 6 2
39 Control
R1 4 2 5 7 4 3 3 2 6 3
R2 1 2 2 7 2 5 5 3 6 1
R3 1 1 1 7 1 2 2 5 7 1
40 Treatment
R1 2 5 6 2 6 4 3 3 6 4
R2 3 4 5 3 6 5 2 2 5 4
R3 1 2 2 6 5 1 2 3 6 4
41 Treatment
R1 4 2 4 6 4 2 3 3 7 3
R2 5 4 6 1 5 4 4 5 5 4
R3 2 3 2 5 2 2 2 3 7 2
42 Treatment
R1 7 6 6 1 6 4 3 3 5 3
R2 6 4 5 2 5 6 5 5 2 4
R3 3 3 3 6 2 3 3 3 6 2
43 Treatment
R1 7 6 6 1 6 6 5 5 6 4
R2 6 4 6 3 4 6 4 5 4 5
R3 3 2 5 6 2 3 3 3 6 2
44 Treatment
R1 6 6 7 2 6 5 5 4 4 4
R2 6 5 5 3 5 6 6 5 1 5
R3 4 4 3 5 4 4 3 3 6 3
45 Treatment
R1 5 3 5 4 2 1 1 1 7 1
R2 5 5 5 2 5 1 1 1 6 1
R3 1 1 2 7 1 2 1 1 6 1
46 Treatment
R1 5 6 5 2 3 3 3 2 6 2
R2 4 5 5 2 3 5 3 3 3 3
R3 3 2 3 5 3 3 3 2 5 2
47 Control
R1 5 4 4 3 5 3 4 3 3 4
R2 5 3 5 1 5 4 4 3 5 4
R3 1 2 1 7 2 1 2 1 7 1
48 Control
R1 6 4 7 4 6 7 7 7 2 6
R2 6 6 7 4 5 7 7 7 2 7
R3 4 3 6 6 5 2 3 3 7 2
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Table G.6: Responses to task load questionnaire shown in Appendix F for subjects
49-64
Subject Group Road
Pre-Test Post-Test
P1 P2 P3 P4 P5 P1 P2 P3 P4 P5
49 Control
R1 5 3 6 2 4 6 5 6 2 6
R2 5 4 4 4 5 6 3 5 7 3
R3 4 5 3 5 3 5 3 5 7 2
50 Treatment
R1 6 4 6 6 6 5 4 6 5 6
R2 5 3 4 6 5 6 6 6 4 6
R3 3 1 2 7 3 4 3 3 6 4
51 Control
R1 6 6 1 2 2 2 2 1 7 1
R2 5 5 2 2 2 4 2 1 7 1
R3 3 3 1 4 2 1 1 1 7 1
52 Control
R1 4 2 3 1 2 2 2 2 6 2
R2 2 2 2 3 2 2 2 3 3 2
R3 2 2 2 5 2 1 1 2 6 2
53 Treatment
R1 7 7 7 1 6 5 2 5 5 4
R2 5 5 6 4 5 5 2 5 5 4
R3 5 4 5 4 4 4 3 5 5 4
54 Control
R1 3 3 3 4 3 3 3 3 5 2
R2 3 4 4 5 3 3 2 3 4 3
R3 3 2 3 5 3 2 2 3 5 2
55 Control
R1 4 6 3 2 4 5 5 3 4 5
R2 3 3 4 4 3 4 6 4 3 5
R3 5 3 5 4 5 3 3 4 5 3
56 Control
R1 4 1 7 1 6 4 3 4 5 4
R2 4 2 2 6 2 5 5 5 3 4
R3 5 2 3 6 2 2 2 3 4 2
57 Control
R1 3 3 4 3 5 6 6 6 1 6
R2 6 4 6 1 7 6 6 6 1 5
R3 2 2 2 6 3 3 3 2 5 2
58 Control
R1 2 3 2 7 3 2 2 2 7 2
R2 4 3 3 7 4 2 2 2 6 2
R3 2 2 1 7 3 1 1 2 7 2
59 Treatment
R1 3 5 5 6 4 3 3 4 5 3
R2 5 5 6 1 5 4 4 3 3 4
R3 5 4 4 5 4 3 3 2 6 3
60 Treatment
R1 5 4 7 2 4 5 4 5 6 4
R2 5 4 7 4 6 5 3 5 6 4
R3 5 3 6 5 4 4 3 5 6 4
61 Treatment
R1 4 5 4 1 5 3 2 3 6 4
R2 4 5 4 2 5 4 2 3 6 2
R3 2 2 3 7 2 4 3 3 7 2
62 Control
R1 3 3 2 3 4 3 4 3 5 4
R2 6 6 6 2 6 4 4 5 5 5
R3 2 2 2 5 2 2 2 2 5 3
63 Control
R1 4 5 5 1 6 4 5 4 1 5
R2 4 4 6 2 6 4 5 4 1 5
R3 2 2 2 5 4 2 2 3 6 4
64 Control
R1 2 4 5 1 3 3 2 2 5 2
R2 3 3 2 3 2 2 2 2 3 2
R3 3 3 2 5 2 1 1 1 7 1
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Table G.7: Responses to task load questionnaire shown in Appendix F for subjects
65-75
Subject Group Road
Pre-Test Post-Test
P1 P2 P3 P4 P5 P1 P2 P3 P4 P5
65 Control
R1 3 3 3 5 2 5 4 5 1 6
R2 3 3 4 3 7 3 4 5 2 4
R3 2 1 1 7 1 2 2 2 7 1
66 Treatment
R1 3 3 4 4 5 2 3 2 6 2
R2 4 6 3 1 6 2 4 2 6 1
R3 1 2 1 5 2 2 5 4 5 3
67 Treatment
R1 4 3 4 7 5 5 3 4 6 4
R2 7 6 7 1 7 4 3 4 7 5
R3 3 1 4 5 5 4 4 4 7 4
68 Treatment
R1 1 1 1 7 1 1 1 1 7 1
R2 2 2 1 7 1 1 1 1 7 1
R3 1 1 1 7 1 1 1 1 7 1
69 Treatment
R1 3 5 5 1 4 5 3 3 5 4
R2 3 5 4 1 5 5 4 5 5 5
R3 2 3 3 6 1 3 2 4 6 3
70 Treatment
R1 4 5 3 1 6 4 2 3 6 3
R2 3 2 4 5 4 5 4 6 3 5
R3 3 3 5 3 5 5 4 4 4 4
71 Treatment
R1 3 6 5 3 4 6 5 7 2 4
R2 3 5 5 1 5 5 4 2 4 3
R3 4 4 5 2 4 3 3 3 5 3
72 Treatment
R1 2 4 4 1 5 3 2 2 5 3
R2 2 2 4 6 4 2 2 3 1 4
R3 1 2 3 5 4 4 2 3 6 2
73 Treatment
R1 6 7 6 1 7 5 7 5 4 5
R2 6 6 5 1 6 4 3 3 5 3
R3 4 4 5 6 4 3 3 3 6 3
74 Treatment
R1 4 3 6 5 5 2 2 2 6 2
R2 4 6 3 4 5 3 3 2 5 2
R3 3 3 2 6 2 3 3 2 6 3
75 Treatment
R1 5 7 6 1 5 4 5 4 6 2
R2 4 4 5 3 4 5 4 4 2 3
R3 3 2 4 5 4 3 2 2 7 3
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